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Efficiency of Water Service Providers in South Africa: 
A Double-Bootstrap DEA Analysis 
 
Abstract 
The use of efficiency analysis in the water sector has gained significant popularity in the last 
few decades; largely due to the topical discussions surrounding climate change and the 
resulting water-scarcity challenges, which have impacted many countries around the world. To 
provide water, water utilities incur various costs, from acquiring bulk water to water treatment, 
distribution of water and maintenance of water infrastructure. Since water qualifies as both a 
social good and a social commodity, there is a great need for efficiency in its provision. Any 
form of technical inefficiency makes it hard for utilities to recover the costs of water provision. 
Water managers recognise the need for the water sector to be efficient, as well as the 
importance of it achieving sustainability goals. Although the efficiency of the water sector has 
been studied extensively utilising data envelopment analysis (DEA), the literature tends to use 
the conventional DEA model to compute efficiency scores. However, conventional DEA 
input/output data may contain random errors, which may result in distorted efficiency frontiers 
due to statistical noise. Bias-correcting double-bootstrap DEA came into being because of this 
shortcoming in the conventional DEA approach. This study joins a growing number of studies 
using bootstrapping DEA to correct efficiency scores. We view bias-correction in DEA 
efficiency scores from a different perspective, by splitting our sample into urban and rural water 
utilities. Most importantly, little is known about the comparative performance of conventional 
DEA versus bias-corrected DEA. The former model is deterministic in nature and yields biased 
efficiency scores. To determine the bias-corrected efficiency scores of rural and urban water 
utilities in South Africa, this study uses a robust, non-parametric DEA model to generate them. 
The truncated double-bootstrap regression results give insight into the drivers of efficiency. 
We found that there are significant differences between the rankings and efficiency scores 
generated by the conventional DEA model compared to the double-bootstrap DEA model, for 
both urban and rural samples. The regression model found location and the ratio of metered to 
unmetered connections to be significant determinants of efficiency for both urban and rural 
water utilities. Non-revenue water is a significant explanatory variable for urban utilities only. 
The number of consuming units mattered for the rural utilities only. 
 
Keywords: bias correction, data envelopment analysis, efficiency, water utilities. 
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Chapter 1: Introduction 
 
 
1.1 Introduction 
Efficiency analysis was first implemented in the private sector in the 1950s and gained 
notoriety in the 1970s when Xerox (an American company) implemented it to increase 
competitiveness against the rising Japanese technology firms. The merits of efficiency analysis 
– which include the ability to learn from another firm’s best practice and encouraging 
competition and innovation – resulted in widespread interest in and the use of the techniques 
in the private sector. By the mid-1990s, four out of five firms in South-East Asia, Europe and 
North America had begun to use benchmarking techniques (McDonald, 2016). Enthusiasm for 
efficiency analysis spread to the public sector in the late 1980s. 
 
The water sector first implemented efficiency analysis in the 1990s, to address decades of 
increasing change and challenges in the sector. In the 1970s and 1980s, governments and 
regulators noted the increased strain on the water sector owing to factors including population 
growth and urbanisation (De Witte and Marques, 2009). These factors nudged water utilities 
around the world to pursue improvements in water provision, to deal with increased demand. 
In addition, climate change is increasing water demand, while water resources are shrinking. 
Climate change alters temperature balances and rainfall patterns, which affect regional water 
sources. The water sector in regions such as Africa and the Middle East are very sensitive to 
changes in climate and are therefore experiencing added pressure in terms of availability of 
water accessibility and demand. Considering our changing world, water sustainability is very 
important, and one of the key issues preoccupying policymakers around the globe. Efficiency 
analysis allows regulators to pursue both the efficiency and the sustainability goals. 
  
Efficiency-analysis studies in the water sector largely use production frontier approaches (see 
Brettenny and Sharp, 2018; Romano and Guerrini, 2011; Romano, Molinos-Senante and 
Guerrini, 2017; Molinos-Senante et al., 2018). The use of the production frontier approach 
requires three distinct considerations. Firstly, the utilities included in the sample should be 
homogeneous, or very similar. Secondly, the choice of inputs and outputs used in the 
specification of the model is vital (Gomez et al., 2017). The chosen variables should have an 
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impact on all the efficiency scores of the utilities included in the study. Finally, the specific 
methodology selected should be appropriate for the given objective of the study.  
 
According to the literature, there are two common production frontier techniques that are used 
to assess efficiency, namely parametric and non-parametric techniques. The Stochastic Frontier 
Approach (SFA) is the most widely used parametric approach (Li and Phillips, 2016; 
Worthington, 2014), while Data Envelopment Analysis (DEA) is the most commonly 
employed non-parametric approach (Romano and Guerrini, 2011; Romano et al., 2017; 
Molinos-Senante et al., 2018). The DEA method more often results in the correct estimation of 
a true production function, compared to the estimations given by parametric methods. This has 
resulted in more studies using DEA than are using SFA (Worthington, 2014). Despite the 
widespread use of the DEA method in water-efficiency studies, it is not possible to make 
statistical inferences from the standard DEA model (Molinos-Senante et al., 2018).  
 
Because conventional DEA input/output data may contain random errors, efficiency frontiers 
resulting from DEA may be distorted by statistical noise. Bias-corrected bootstrapping DEA 
came into being due to this criticism of the conventional DEA approach. This study joins a 
growing number of studies using bootstrapping DEA to correct efficiency scores. We view 
bias-correction in DEA efficiency scores from a different perspective, by splitting our sample 
into urban and rural water utilities. 
 
1.2 Significance of study 
Efficiency analysis in the water sector has gained significant popularity in the last few decades, 
largely due to the topical discussion of climate change and the resulting water-scarcity 
challenges, which impact many countries around the world. To provide water, water utilities 
incur various costs, from acquiring bulk water to water treatment, distribution of water, and 
maintenance of water infrastructure. Since water qualifies as both a social good and a social 
commodity, there is a great need for efficiency in its provision. Any form of technical 
inefficiency makes it hard for utilities to recover the costs of water provision. Water managers 
recognise the need for the water sector to be efficient, as well as the importance of it achieving 
its sustainability goals.  
 
This research examines the potential benefits of using a more robust DEA model to conduct a 
water-efficiency assessment of South African water utilities. Water utilities are 
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characteristically heterogeneous (in location, size and climate), which limits the usefulness of 
the conventional DEA approach. This research proposes and describes the double-bootstrap 
DEA, which aims to account for the location of the water utility as well as track the effects of 
exogenous factors on the utilities’ efficiency scores. In this study, a modified version of the 
double-bootstrap DEA proposed by Simar and Wilson (2007) is used to address the 
shortcomings associated with the standard DEA method. This approach allows for the 
estimation of bias-corrected efficiency scores in the first bootstrap stage, which then allows for 
statistical inferences and hypothesis testing to be conducted.  
 
The second bootstrap (or the ‘double-bootstrap’ stage) identifies the determinants of the 
efficiency scores found in the first stage. The ability of the double-bootstrap technique not only 
to provide bias-corrected efficiency scores but also to identify the determinants of estimated 
efficiency has significant potential policy implications. Water-utility managers and 
policymakers can identify the utilities that are most efficient, as well as identify which factors 
to target to improve the efficiency levels of underperforming utilities (Molinos-Senante et al., 
2018). 
 
This study will make use of the double-bootstrap approach to estimate bias-corrected efficiency 
scores as well as the determinants of efficiency for South African water utilities. To the best of 
our knowledge, only a few studies have used this technique to determine water efficiency and 
its drivers (see Molinos-Senante et al., 2018; Ananda, 2014). In addition to contributing to this 
scant literature, our study contributes to the literature more generally by making use of panel 
data from 2010 to 2014, which allows for trend analysis of the efficiency scores from a water 
utility.  
 
1.3 Problem statement  
The vitality of efficiency analysis and benchmarking has resulted in countries and organisations 
world-wide developing frameworks and techniques to enable the most effect analysis of their 
respective water sectors (DeWitte andand Marques, 2009). Developed countries have created 
frameworks that are specific to their countries context and have seen great improvements in 
the performance of their water utilities. Developing countries have also made great strides in 
the use of benchmarking techniques in the water sector. However, they often adopt approaches 
used in the developed countries, and fail to accommodate their own unique environment 
(Murungi andand Blokland, 2016). For example, some indicators used in developed countries 
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may not apply to developing countries due to differences in infrastructure and data, hence 
trying to use such measures in the latter countries may prove not to be feasible.  
 
South Africa has taken great strides in developing benchmarking frameworks to evaluate the 
water sector. Policymakers, regulators and stakeholders such as the South African Local 
Government Association (SALGA), the Water Research Commission (WRC) and the 
Department of Water and Sanitation (DWS) have implemented benchmarking initiatives in the 
pursuit of increased efficiency in the water sector. These initiatives include the Blue Drop, No 
Drop, Green Drop and the Municipal Benchmark Initiative (MBI) (DWA, 2014; MBI, 2015).   
 
It is evident from current initiatives that there is some confusion between Key Performance 
Areas (KPA) versus Key Performance Indicators (KPI), which complicates the benchmarking 
process, and its usefulness. Nonetheless, these initiatives are what is commonly referred to as 
metric benchmarking. Metric benchmarking is intended to find performance gap areas, it is 
descriptive and  fails to find driving factors behind observed gaps. It is for this reason that this 
approach usually requires further investigation, a given model's inputs and outputs to generate 
efficiency scores, and assessment of the determinants of performance gaps. This study extends 
current benchmarking efforts by generating predictive efficiency scores and drivers behind 
generated efficiency scores. There is need for the development of a single, statistically robust 
econometric technique to assess efficiency of the water sector.  
 
Our aim is to use a robust technique (i.e. the double bootstrap DEA) to estimate bias-corrected 
efficiency scores, as well as the determinants of efficiency for South African water utilities.1 
Previous literature suggests need to account for exogenous factors in DEA water analysis (see 
Picazo-Tadeo et al., 2009; Carvalho and Marques, 2011; Guerrini et al., 2016; Fuentes et al., 
2017). Failure to account for exogenous factors leads to biased efficiency estimates as 
inefficiency in DEA is assumed to be fully attributable to managerial decisions, ignoring fact 
that these exogenous factors are not under control of the management. There are various factors 
that are exogenous factors outside South African water utilities control that affect their 
productivity, hence the need for model that leads to valid, accurate inference in DEA 
                                               
1 Water utilities in South Africa are referred to as Water Service Authorities (WSAs) or Water Service Providers 
(WSPs). 
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framework (see Badin et al., 2014). A bootstrap-based algorithm is required to assess the 
impact of the exogenous factors and obtain a more valid and accurate inference for bias 
correction of the efficiency estimates (see Longo et al, 2018). By applying a rigorous DEA 
approach, this study generates valid and more reliable efficiency estimates, which overall 
enhances the effectiveness of benchmarking.  
 
This is done by making provision for the location, size and the ratio of metered to unmetered 
connections and the non-revenue water of the water utilities. Notwithstanding its merits, the 
double-bootstrap methodology has not been widely employed in water-utility efficiency 
studies. An input-oriented model that employs ‘Variable Returns to Scale’ (VRS) is employed 
(see Romano and Guerrini, 2011). An input-oriented model is preferable to its output-oriented 
model counterpart, as water utilities must meet a set demand; thus, achieving efficiency 
involves a reduction in the amount of input used to produce the same level of output. This study 
uses South Africa as a case study mainly because of its dual economy,2 which will allow a vast 
number of countries to learn important lessons from the study findings.  
 
South Africa has one of the highest inequality levels in the world. The first economy can be 
likened to those of developed countries in many respects, including the infrastructure and 
services offered. A vast number of water utilities operating in the urban areas in South Africa 
fall under this category. This implies that the lessons from the efficiency analysis and drivers 
of inefficiencies of urban water utilities in South Africa are potentially important in developed 
countries as well. The second economy is plagued by significant poverty and inequality 
challenges. The water utilities operating in rural areas fall under this category and are 
characterised by service-delivery and infrastructural backlogs. The second economy is largely 
representative of poor, developing countries; thus, lessons from the findings in this study will 
potentially be relevant in many developing countries.  
 
1.4 Study objectives 
This study joins a growing number of studies using bootstrapping DEA to correct efficiency 
scores. We view bias correction in DEA efficiency scores from a different perspective, by 
splitting our sample into urban and rural water utilities. To determine the bias-corrected 
                                               
2 A dual economy in the context of South Africa refers to the existence of both formal and informal economies, 
which results in different patterns of water demand. 
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efficiency scores of rural and urban water utilities in South Africa, this study uses a robust, 
non-parametric DEA model to generate bias-corrected efficiency scores. Most importantly, 
little is known about the comparative performance of conventional DEA and bias-corrected 
DEA.  
 
This study has two main objectives. Firstly, the study will compute the bias-corrected 
efficiency scores of the water utilities using the double-bootstrap DEA model and compare the 
findings to those obtained by the conventional DEA model, to highlight the shortcomings of 
the latter. Secondly, the drivers of efficiency scores will be determined for South African urban 
and rural areas. The purpose of this paper is to determine efficiency scores and to identify 
factors that drive inefficiency, while accounting for the locations of the utilities. 
 
1.5 Structure of thesis 
The structure of this study is as follows: the next chapter provides an overview of the water 
sector, and the third chapter is a literature review of relevant studies. The fourth chapter gives 
a description of the data and methods used in this study. The results are discussed in Chapter 
Five, and Chapter Six presents some concluding remarks about this study.  
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Chapter 2: The Water Sector 
 
 
2.1 Introduction 
Water is a key input in various economic processes, including agriculture, mining and 
manufacturing. Prior to the economic shocks of the 1970s, governments in countries such as 
the United Kingdom (UK) and the United States of America (USA) supported state-financed 
infrastructure in the water sector, with the aim of providing national access to clean water as 
well as promoting the agricultural and industrial sectors of the economy. However, the 
economic recession of the 70s in the Western world resulted in many policymakers and 
politicians advocating for smaller governments, which resulted in significant reductions in 
government expenditure on public infrastructure such as water infrastructure (Bayliss, 2014).  
 
The 1980s saw countries such as the UK and USA deregulating and largely privatising the 
provision of water services. By 1989, England and Wales had completely transformed their 
urban water sector into completely privately-owned utilities (González-Gómez and García-
Rubio, 2018). The push for the privatisation of water utilities was made to address the 
inefficiency problems plaguing the publicly run water sector. By 1980, governments in many 
countries realised and recognised water as a scarce resource. There were changes in the 
perception of water: from being a strategic and largely available resource, to being viewed as 
a private commodity with intrinsic economic value (Bayliss, 2014).  
 
The water sector had been under considerable pressure, due to factors including climate change, 
economic and population growth, and urbanisation (DeWitte and Marques, 2009). Economic 
growth, population growth and increased urbanisation created the need for water utilities to 
expand their service delivery to accommodate the new demand. Efficiency concerns became 
topical for the sector. In addition, climate change focused attention on the need for the sector 
to have sustainability goals, as many regions in the world had begun experiencing lower levels 
of rainfall (DeWitte and Marques, 2009). Privatisation was viewed as providing a much-needed 
solution to the existing public provision model, as it would reduce costs, encourage 
competition, and promote the optimal use of resources used in the delivery of water services 
(Zafra-Gómez, López-Hernández, Plata-Díaz and Garrido-Rodríguez, 2016).  
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Recent years have seen growing criticism for the privatisation of water utilities. Advocates for 
privatisation argue that it results in cost reductions and promotes higher quality of service 
provided. However, the evidence for this is not substantial, as private enterprises aim to 
maximise profits and thus may seek to reduce costs by lowering the quality of the service 
provided. Privatisation has also been associated with tariff increases not justified by an 
expansion of service coverage or improvement of water quality (see González-Gómez and 
García-Rubio, 2018; Zafra-Gómez et al., 2016).  
 
The implications of these criticisms of privatisation are profound, given the importance of 
water. In 2010, access to clean and safe water was recognised as a fundamental human right at 
the UN General Assembly. This means that governments world-wide – regardless of the 
existing ownership structure in their water sector – are committed to improving the quality of 
water provided to their citizenry, as well as ensuring that most of their citizens are not excluded 
from accessing services due to high costs (Bayliss, 2014). Efficiency and sustainability have 
become central to the discussion of water provision. Efficiency analysis has gained popularity 
in recent decades, as it allows utility managers and regulators to pursue both efficiency and 
sustainability goals.  
 
2.2 The South African water sector  
South Africa’s national government is the public trustee of the country’s water resources. The 
Department of Water and Sanitation (DWS) oversees these resources and ensures that water is 
allocated equitably, as well as enforcing sustainability goals in the sector. The DWS is the 
regulator and monitors the water sector. Water service provision is carried out by local 
government or municipalities, as established by the White Paper (2002). The Water Services 
Act allows for the provision of water to be performed by a Water Service Provider (WSP), 
defined as a “municipality, water board, non-governmental organisation, community-based 
organisation, private sector company or any other private or public body” with the approval of 
a Water Service Authority (WSA) (DWA, 2014).  
 
However, water boards have been created to manage and provide bulk water (operate dams and 
manage bulk water infrastructure). There are 15 water boards in South Africa, and 
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approximately 152 approved WSAs/WSPs. In the context of this study, ‘water utility’3 refers 
to a WSA and/or a WSP. Local governments, which are responsible for water service provision 
in South Africa, have a contentious past, as they first came into being during the apartheid era 
and served to enforce and perpetuate policies that ensured racial segregation and 
discrimination. Arguably, the apartheid era was the cause of the massive inequalities that 
plague the South African population to the present day. These inequalities present 
geographically, with rural areas (formerly reserved for black people) suffering from more 
pronounced underdevelopment and water service and infrastructural backlogs, compared to the 
urban areas (Thornhill, 2008).  
 
The prime focus of the water sector is the delivery of water and sanitation services to every 
citizen, as is their right according to the Constitution. However, South Africa is a semi-arid 
nation currently facing water-scarcity challenges across the country, and it is predicted that 
water demand will exceed the economically available freshwater resources by 2025 to 2030, if 
current usage trends persist (Rhodes and McKenzie, 2018). Industrialisation and a growing 
urban population further exacerbate the pressure on the country’s resources. The government 
and policymakers recognise the importance of water provision to all citizens of the country; 
and this has led to the evolution of water management goals including objectives such as 
efficiency and sustainability.  
 
2.3 A brief overview of the regulation of the South African water sector regarding 
benchmarking 
The ability to sustainably improve access to basic water services requires efficiency to be at 
the forefront, particularly when the capacity differentials facing rural and urban areas are 
considered. For years, policymakers, regulators and all water stakeholders in South Africa – 
including the South African Local Government Association (SALGA), the Water Research 
Commission (WRC) and the DWS – have recognised the usefulness of efficiency analysis and 
have implemented benchmarking initiatives to evaluate the performance of water utilities. 
These include the Blue Drop, which is an incentive-based regulation mainly concerned with 
the quality of drinking water and water safety planning; the Green Drop, which is another 
incentive-based regulation, primarily concerned with wastewater quality; the No Drop criteria, 
                                               
3 For the sake of compatibility with the literature, we use the term ‘water utility’ to refer to either a WSA or a 
WSP. 
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which assess water conservation and demand management; and the Municipal Benchmark 
Initiative (MBI), which is a voluntary benchmarking initiative (DWA, 2014; DWA, 2015; 
MBI, 2015). 
 
The Blue Drop system measures the performance of a municipality based on six Key 
Performance Areas (KPAs), each with a set of Key Performance Indicators (KPIs) including 
water-safety planning, process management and control, and asset management. The Blue 
Drop also includes the No Drop performance area, which assesses the efficiency of water-use 
and water-loss management (DWA, 2014). The Green Drop system measures the performance 
of a municipality based on eight KPAs, including process control, maintenance and 
management skill, wastewater monitoring, and wastewater quality risk management. The Blue 
Drop and Green Drop results are published annually and are publicly available, and this has 
improved accountability and transparency in the water sector (DWA, 2015). 
  
The Municipal Benchmark Initiative (MBI) is a SALGA-led initiative supported by the WRC 
in association with the Institution of Municipal Engineering of Southern Africa (IMESA). 
There are six performance areas: water conservation and demand management, human 
resources and skills development, service delivery and backlogs, operations and maintenance, 
product quality, and financial management. The MBI has a total of thirty-one KPIs, termed ‘the 
shopping list’. The municipalities have the option to select KPIs, and collect the relevant data 
associated with their chosen KPIs. This data is used to develop a municipality-specific 
scorecard (MBI, 2015). The advantage of not requiring municipalities to report on all the KPIs 
is that it allows participation to begin at a basic level and grow to more advanced reporting, as 
officials realise the benefits of benchmarking. The municipalities with less capacity and thus 
less ability to report on complex KPIs are not excluded from participation, and can benefit from 
benchmarking efforts (MBI, 2015). 
  
Despite the efforts of the MBI to be inclusive, the full benefits of metric (performance) 
benchmarking are compromised. Metric benchmarking requires the statistical comparison of 
performance based on common KPIs for water utilities. The ability of municipalities to select 
indicators gives rise to the likelihood that each municipality will have different indicators to 
determine its scorecard, and thus cannot be accurately compared to similar municipalities. The 
benefits of learning from best practice are not fully realised if municipalities cannot make an 
equal comparison on the performance areas determined for MBI. 
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The benchmarking initiatives to be found in the South African water sector are significant, and 
commendable. However, there is a need for the development of more comprehensive 
benchmarking frameworks that make use of robust econometric techniques to allow for the 
valid interpretation of performance, as opposed to the descriptive analysis of results. The 
current benchmarking frameworks have some KPA and KPI duplication, which may increase 
the burden on municipalities, WSAs and WSPs.  
 
2.4 Conclusion  
The importance of benchmarking in the water sector has been recognised since the 1990s. 
Developed countries have created frameworks that are relevant for their specific cases and have 
seen great improvements in performance by water utilities over the years, including increased 
competitiveness and increased efficiency. Utility managers have learnt from the best practices 
of firms with similar endowments as themselves to improve overall efficiency and promote 
sustainability in the sector. Developing countries have also made use of benchmarking 
techniques in the last few decades. However, often the benchmarking frameworks selected to 
evaluate the efficiency of the water sector are taken from the developed countries’ context and 
experiences and imposed on developing countries. Developing countries’ water utilities are 
generally less advanced than – and at times significantly different to – those of developing 
countries; and thus, some indicators may not apply, or may be measured differently from the 
proposed indicators, which compromises the findings of the benchmarking efforts.  
 
This realisation has led regulators and governments to advocate for benchmarking frameworks 
that are relevant to a developing-country context. This study provides such an analysis for 
South African water utilities and adds to the body of knowledge concerning efficiency analysis 
in South Africa. Access to water is a human right established in the South African Constitution, 
and the government and policymakers are eager to find ways to provide the service efficiently.  
There are several benchmarking initiatives in the water sector, but none of these approaches 
uses a robust methodology. This study does use a robust methodology, to determine bias-
corrected efficiency scores and the determinants of efficiency. One of the key objectives in this 
study is to establish whether a rural utility can be as efficient as an urban utility, given the 
capacity differentials; and to establish whether the determinants of efficiency are the same for 
both rural and urban utilities. 
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Chapter 3: Literature Review 
 
 
3.1 Introduction 
As mentioned previously, there are two common approaches used when conducting efficiency 
analysis: parametric and non-parametric. The SFA approach is the most used parametric 
approach in efficiency analysis (Li and Phillips, 2016; Worthington, 2014). One of the great 
advantages of the SFA approach is that it allows any inefficiency found to be split into two 
components; the first reflects inefficiency, and the second reflects measurement errors and 
external shocks suffered by the utilities that are beyond their control (Romano and Guerrini, 
2011). However, when using SFA, the functional form of the production function under 
investigation must be known (Brettenny and Sharp, 2018); and this limits its usefulness, as the 
functional relationship of the variables or the production functional form is not always known 
a priori.  
 
Non-parametric approaches such as DEA, on the other hand, do not require the specification 
of the production function’s functional form (Ananda, 2014). The non-parametric approach 
gives considerable autonomy in the specification of inputs and outputs and imposes fewer 
restrictions on data than the SFA parametric approach. Simulation studies have shown that the 
piecewise linear production frontier approach of the DEA is more likely to approximate the 
true production frontier than the most lenient parametric model (Worthington, 2014). The water 
sector may be understood as deviating from the standard production function, based on primary 
assumptions of strict profit maximisation and cost minimisation. The DEA approach allows for 
inputs and outputs to be defined based on what a country deems to be the ideal water utility 
performance, based on the specific goals and environmental factors of that country. The DEA 
approach is thus the more commonly used methodology in water efficiency studies 
(Worthington, 2014; Molinos-Senante et al, 2018).  
 
3.2 Overview of DEA studies  
A vast number of efficiency studies have made use of the non-parametric DEA methodology 
(see Romano and Guerrini, 2011; Romano et al., 2017; Molinos-Senante et al., 2018), as 
mentioned above. The studies that employ the DEA model will be reviewed under two main 
categories. The first category consists of studies that have employed the conventional DEA 
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model to estimate the efficiency scores of water utilities. However, none of these studies 
estimates the determinants of efficiency scores, due to the methodological limitations of the 
conventional DEA model. The second category comprises studies that have used a more 
rigorous double-bootstrap DEA model to estimate the efficiency scores of water utilities.  
 
3.2.1 Conventional DEA studies 
García-Valiñas and Muñiz (2007) analysed the efficiency scores of three Spanish water utilities 
between 1985 and 2007. The study made use of the conventional DEA model. Operational 
costs were used as the input, and water delivered, level of properties and length of mains were 
used as the outputs for the specification. This study included an exogenous input variable, 
namely the rainfall of each geographical area (García-Valiñas and Muñiz, 2007). According to 
García-Valiñas and Muñiz (2007), the inclusion of the rainfall variable is due to the differing 
climatic conditions experienced in different parts of the country. Some regions have water-
scarcity challenges, and the effect of water scarcity on water utilities’ efficiency scores was 
investigated. The study found that including the exogenous input of rainfall resulted in 
efficiency levels comparable with global findings. However, the study did not estimate the 
determinants of efficiency, due to the limited methodology used. 
  
An investigation of local governments’ efficiency in expanding their services to the previously 
excluded groups in the economy was undertaken by Van der Westhuizen and Dollery (2009) 
to gauge the compliance of local government with the Reconstruction and Development 
Programme (RDP). Labour costs and operational efficiency were used as inputs, and number 
of houses receiving water, electricity and sanitation under the RDP were the outputs. Efficiency 
was found to vary by province (Van der Westhuizen and Dollery, 2009). The study was limited 
to the population affected by the RDP, so the policy implications are limited. There was no 
estimation of the determinants of efficiency, due to the use of the conventional DEA model. 
 
An investigation of the operative cost-efficiency scores of 43 Italian water-utility companies 
using 2007 cross-sectional data grouped water utilities into clusters, based on ownership 
structure, size and geographical location. The conventional DEA model was used to estimate 
their efficiency scores, taking these external factors into consideration. The study found that 
ownership affected efficiency scores, with public water utilities having higher efficiency scores 
than private water utilities. Location was also found to affect efficiency scores, with the water 
utilities located in the central and southern parts of Italy being the most efficient. Small utilities 
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were found to have the highest efficiency scores, and medium-sized utilities had the lowest 
efficiency scores (Romano and Guerrini, 2011). The results indicate the likelihood that 
ownership, size and location are determinants of efficiency. However, the study did not employ 
a methodology that would enable the determination of each external factor’s contribution to 
the estimated efficiency scores. The use of cross-sectional data further limited the inferences 
that could be made, as the use of panel data would have highlighted possible trends. A small 
number of efficiency analysis studies have been conducted in South Africa’s water sector using 
the DEA methodology. 
  
In a study conducted in South Africa which modelled the water sector to determine efficiency 
scores for water utilities, operating expenditure was used as the input, and number of 
connections served, length of mains, water delivered to clients (metered and unmetered), 
measured amount of water delivered, estimated remainder of water delivered, and expenditure 
incurred for repairs were used as outputs in the specification of the DEA model. The findings 
show that there are more urban water utilities that are efficient than there are rural water utilities 
(Brettenny and Sharp, 2016).  
 
The study assumed that location was a significant variable in efficiency analysis, but without 
validating that assumption using econometric tests. The study did not pool the rural and urban 
utilities’ efficiency analyses, which would have allowed comparison. The study did not provide 
estimations of the determinants of the efficiency scores. The policy implications are thus 
limited; the results only give an indication of which municipality is inefficient but give no 
insight as to what area to target to improve efficiency. This study computes the efficiency 
scores of urban and rural water utilities in a combined sample. The double-bootstrap truncated 
regression results test the significance of location as a determinant of efficiency. 
 
3.2.2 Double-bootstrap DEA studies 
An efficiency analysis of 53 water utilities in Australia was estimated over six years (2005/6 
to 2010/1). The double-bootstrap model was used to estimate bias-corrected efficiency scores 
and the determinants of efficiency. The operating expenditure for water services and the length 
of water mains (MAINS) were used as inputs, and total urban water supplied, and output quality 
measured in water quality complaints were the two outputs included in the specification. The 
conventional DEA estimations found 17 utilities to be operating on the frontier, and thus 
efficient; but when the estimates were corrected for bias using the bootstrap technique, the 
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number of efficient utilities fell to 7. Customer density and total connected properties were the 
two external factors found to have a positive relationship with efficiency (Ananda, 2014). This 
may be evidence of economies of scale in the Australian water sector. The study was limited 
to the urban water utilities in Australia and did not consider whether the location of a water 
utility in a rural jurisdiction could affect scores. Our study computes the efficiency scores of 
both urban and rural utilities.  
 
Molinos-Senante et al. (2018) investigated the bias-corrected efficiency scores and the 
determinants of efficiency for 23 Chilean water and sewerage companies. A double-bootstrap 
DEA model with truncated bootstrapped regression was employed for the analysis. Operating 
costs, labour and network length were the inputs used in the study. The outputs considered in 
the assessment were volume of water delivered, and the number of properties connected. The 
authors included five potential environmental factors that were thought to influence efficiency, 
namely ownership, customer density, non-revenue water, water source, and peak factor. The 
estimations from the conventional DEA model yielded distinctly different results to those 
obtained from the double-bootstrap model. The water utility ranked first by conventional DEA 
was ranked 16th when the double-bootstrap method was employed. The most influential 
efficiency determinants were found to be customer density and non-revenue water.  
 
The results from Molinos-Senante et al. (2018) have very important policy implications. To a 
large extent, non-revenue water loss is an endogenous environmental variable; thus, managers 
and policymakers can increase efficiency significantly by putting in place measures to reduce 
water loss. On the other hand, customer density is an exogenous variable; thus, a water and 
sewerage utility manager will be unable to target efficiency improvements by focusing on this 
variable. Policymakers should take note of the effects of customer density on efficiency scores 
when considering benchmarking results. However, the study did not consider the potential 
effects of location (urban vs rural) on the efficiency of water utilities.  
 
3.3 Conclusion  
Most studies that have used the conventional non-parametric DEA model were conducted 
internationally, with a few investigating South Africa’s water sector. The studies that have 
employed conventional DEA can be categorised into two main groups. The first group of 
studies estimates the efficiency scores in the water sector. The second group of studies 
investigates the efficiency scores of water utilities as they relate to external environmental 
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variables, which include non-revenue water and population density. However, none of these 
studies estimates the determinants of efficiency scores, due to methodological limitations.  
 
There have also been efficiency studies conducted internationally that have used the double-
bootstrap methodology. Both developed and developing countries have had the double-
bootstrap method used to estimate bias-corrected efficiency scores and the determinants of 
efficiency of their water utilities. However, to the best of our knowledge none of the studies 
have investigated the importance of water-utility location as it relates to efficiency scores. One 
of the objectives of our study is to determine whether rural and urban water utilities should be 
considered homogeneous or heterogeneous.  
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Chapter 4: Data and Methods 
 
 
4.1 DEA method 
This study uses the conventional DEA model to estimate the initial or biased efficiency scores 
of rural and urban South African water utilities. The DEA model employs a non-parametric 
frontier approach and uses linear programming to compute the efficiency frontier used to 
compare the utilities against each other to determine efficiency scores (Simar andand Wilson, 
2007; Romano andand Guerrini, 2011). All the utilities included in the analysis are decision-
making units that convert a set of identical inputs to identical outputs. The relative efficiency 
of each utility or unit is estimated by comparing the volume of its inputs and outputs in relation 
to the other firms being analysed (Ananda, 2014). 
 
DEA models are either input- or output-oriented, depending on the nature of the specific 
industry being investigated (Simar andand Wilson, 2007). Farell (1957) input- output oriented 
measure is equal to the input-output function discussed in Shepherd (1970). Our study answers 
the question of “by how much an input quantity can be proportionally be reduced without 
changing the output quantities produced”? Therefore, this is an input-oriented study (i.e. input-
reducing oriented, in line with equation 1). More specifically, this study employs an input-
oriented model using Variable Returns to Scale (VRS). In the water sector, an input-oriented 
model is preferable to an output-oriented model, as utilities must meet predetermined consumer 
demand, and thus efficiency is defined as the ability to reduce the number of inputs used to 
produce a given level of output (Romano andand Guerrini, 2011). 
 
The DEA model in this study is used to estimate the biased input-efficiency scores 𝜃𝑗 given j 
= 1, 2…, N is the water utilities. 𝜃𝑗 represents the efficiency of the utility being evaluated. It is 
efficient if 𝜃𝑗 = 1 and inefficient if 𝜃𝑗 ≥ 1. The utilities use M inputs 𝑥𝑗 = ( 𝑥1𝑗 , 𝑥2𝑗 , … , 𝑥𝑀𝑗) 
in the production process, and yield S outputs 𝑥𝑗 = ( 𝑥1𝑗 , 𝑥2𝑗 , … , 𝑥𝑀𝑗). The input-oriented DEA 
model is shown in equation 1 below (Molinos-Senante et al., 2018).  
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𝑀𝑖𝑛𝜃𝑗 
𝑠. 𝑡 
∑ 𝜆𝑗
𝑁
𝑗=1 𝑥𝑖𝑗 ≤  𝜃𝑥𝑖0  1 ≤ 𝑖 ≤ 𝑀      (1) 
∑ 𝜆𝑗
𝑁
𝑗=1 𝑦𝑟𝑗 ≥  𝑦𝑟𝑂  j1 ≤ 𝑟 ≤ 𝑆   
𝜆 ≥ 0    1 ≤ 𝑗 ≤ 𝑁 
 
𝜃𝑗 indicates the efficiency of the water utility evaluated being efficient when 𝜃𝑗  = 1 and 
inefficient whenever 𝜃𝑗  > 1, M is the number of inputs used by the water utility; S is the number 
of outputs produced, N is the number of water utilities sampled, and 𝜆𝑗 is a set of variables 
representing the weighting of each water utility evaluated in the determination of the efficient 
frontier. The bias-corrected scores are greater than 1 due to the use of the ‘invert’ option 
selected during modelling. The model used in this study is a VRS model and thus inverting the 
efficiency scores does make a difference in the efficiency scores generated. Instead, Shephard 
efficiency scores are generated as opposed to the default Farrell efficiency scores. The 
Shephard efficiency scores are greater than 1 as reported in this study. 
 
4.2 Double-bootstrap DEA method 
In addition to the conventional DEA approach discussed above, this study also used the double-
bootstrap DEA model with a truncated regression (Simar and Wilson, 2007), which is a 
modified version of the conventional DEA model. This model allows for the estimation of bias-
corrected efficiency scores and the identification of the drivers of efficiency in the water sector. 
The double-bootstrap DEA method allows for the estimation of bias-corrected efficiency scores 
in the first bootstrap stage, which allows statistical inferences to be drawn and hypothesis 
testing to be conducted. The second bootstrap, or the ‘double-bootstrap’ stage, identifies the 
determinants of the efficiency scores found in the first stage by applying statistical tests to the 
efficiency scores obtained in the first stage to determine whether there are significant 
differences between the efficiency scores of units clustered according to factors that may affect 
efficiency (Molinos-Senante et al., 2018).  
 
Algorithm 2 of the double-bootstrap DEA model proposed by Simar and Wilson (2007) is used 
in this study as in previous studies (Zhang, Lundgren and Zhou, 2016; Molinos-Senante et al., 
2018).Using 𝜃 obtained from the conventional DEA model using equation 1, use the maximum 
likelihood method to estimate ?̂? of 𝛽 and 𝜎?̂? of 𝜎𝜀 , the standard deviation of the error term 𝜀𝑗, 
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by running a truncated regression of 𝜃 against independent variables as shown by the following 
equation; 
 
𝑧𝑗 , 𝜃𝑗 = 𝑧𝑗𝛽 + 𝜀𝑗.           (2) 
 
Then, for each utility, duplicate the following 4 steps (3.1–3.4) B1 times to obtain a set of B1 
bootstrap estimates 𝜃𝑗?̂?  for b=1,…, B1 (Simar and Wilson, 2007; Molinos-Senante et al., 2018). 
3.1 Generate the residual error 𝜀𝑗 from the normal distribution 𝑁(0, 𝜎2?̂?). 
3.2 Compute 𝜃𝑗
∗ = 𝑧𝑗?̂? + 𝜀𝑗. 
3.3 Generate a pseudo data set (𝑥𝑗
∗, 𝑦𝑗
∗) where 𝑥𝑗
∗ = 𝑥𝑗 and (𝑦𝑗
∗ = 𝑦𝑗(
𝜃𝑗
𝜃∗𝑗
). 
3.4 Using the pseudo data set (𝑥𝑗
∗, 𝑦𝑗
∗) and (1), estimate the pseudo-efficiency estimates 
𝜃∗?̂? 
 
Calculate the bias-corrected estimator 𝜃?̂? for each utility j ( j = 1, 2…, N) using the bootstrap 
estimator or the bias 𝑏?̂?, where 𝜃?̂? = 𝜃𝑗 −  𝑏?̂? and 𝑏?̂? = (
1
𝐵1
∑  𝜃∗𝑗?̂?
𝐵1
𝑏=1 ) − 𝜃𝑗. Use a truncated 
maximum likelihood estimation to regress 𝜃?̂?on the explanatory variables 𝑧𝑗 and provide an 
estimate for 𝛽∗̂ of 𝛽 and an estimate for 𝜎 ∗̂ of 𝜎𝜀. Loop over the following three steps (4.1–4.3) 
𝐵2 times to obtain a set of 𝐵2 pairs of bootstrap estimates (𝛽𝑗
∗∗̂ , 𝜎𝑗∗∗̂) for 𝑏 = 1, … . , 𝐵2 (Simar 
and Wilson, 2007; Molinos-Senante et al., 2018). 
  
4.1 Generate the residual error 𝜀𝑗 from the normal distribution 𝑁(0, 𝜎∗2̂). 
4.2 Calculate 𝜃𝑗
∗∗̂ =  𝑧𝑗𝛽∗̂ + 𝜀𝑗. 
4.3 Use maximum likelihood estimation to run a truncated regression 𝜃𝑗
∗∗̂
 on the 
explanatory variables 𝑧𝑗 and provide an estimate 𝛽∗∗̂ for 𝛽 and 𝜎∗∗̂for 𝜎𝜀. 
 
4.3 Data description  
Local government in South Africa consists of municipalities of various types. They can be 
divided into two main groupings, namely metropolitan municipalities and district 
municipalities. Metropolitan municipalities govern the largest metropolitan areas. Each district 
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municipality consists of several local municipalities. As far as service delivery is concerned, 
municipalities are divided into the following categories:  
  
Table 1: South African municipal categories  
Municipal 
Category  
Description Characteristics Number of 
Water 
Utilities 
A Metropolitan Large urban cities 8 
B1 Local Large secondary cities 19 
B2 Local Large towns 27 
B3 Local Small towns 108 
B4 Local Mainly rural towns 72 
C1 District Not authorised to provide water services 23 
C2 District Authorised to provide water services 21 
Source: (StatsSA, 2016) 
 
This study divides the municipalities into two clusters, namely urban and rural, guided by the 
categories in Table 1 above. Urban municipalities are those classified as A, B1 and B2; rural 
municipalities are those classified as B3, B4 and C2. There are 152 municipalities authorised 
to provide water services, making them Water Service Authorities (WSAs), and 139 
municipalities not authorised to provide water services; C1 falls under this latter category. 
Considering that the model we have adopted for this study is primarily an input-output model, 
the key variables in our data set are input and output variables, which are proxies for key 
performance areas and key performance indicators. These key parameters are presented in table 
2 below: 
 
Table 2: List of variables for efficiency analysis to be used in the Data Envelopment Analysis 
(DEA) 
Variable Model Specification 
Total operating cost (R) Input 
Authorised Consumption (kl) Output 
Length of mains (km) Input 
Water quality (%) Output 
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An input-oriented double-bootstrap DEA model is used in this study, as the objective of a utility 
is to meet the demand of consumers while minimising the inputs used to produce output. The 
selection of inputs, outputs and explanatory variables included in this study is guided by the 
existing literature on efficiency analysis. The most widely used inputs in the literature include 
operating costs, length of mains, labour costs, number of employees, and capital expenditure 
(see Brettenny and Sharp, 2016; García-Valiñas and Muñiz, 2007; Ananda, 2014). Operating 
expenditure and length of mains are the inputs used in this study. Length of mains (km) is used 
as a proxy for total capital expenditure by a utility. 
  
According to the literature, widely used outputs in efficiency analysis include total volume of 
water distributed/delivered (Molinos-Senante et al., 2018), output quality (Ananda, 2013) and 
level of properties (García-Valiñas and Muñiz, 2007). Utilities should not only be able to meet 
the demand of consumers; the water delivered should also be of good quality. Failing to provide 
good-quality water is an indication of inefficiency. Therefore, water quality (%) is selected as 
an output variable in this study, together with the total volume of water distributed (kl/year), 
which is authorised consumption.  
 
Four explanatory variables are evaluated in this study, namely non-revenue water (kl), number 
of consuming units, ratio of metered to unmetered connections (%), and location (urban or 
rural). ‘Non-revenue water’, in this study, is the total amount of water loss experienced by a 
utility in a year. The water loss is from real water losses; that is, from leakages due to 
infrastructure aging or damage. Apparent losses are technical losses. Technical losses may 
result from inefficient billing systems and illegal connections. Theoretically, non-revenue 
water is assumed to have a negative impact on efficiency, as it is water that a utility purchases, 
but for which is unable to receive revenue. The higher the water losses experienced by a utility, 
the more inefficient the utility. This determinant is particularly important in the South African 
context as according to the DWS, there has been an increase in non-revenue water losses from 
36.8% in 2012 to 41,0% in 2017. Managing non-revenue water is consistent with the water 
conservation and water demand mandate of the DWS (DWS, 2017).  
 
‘Number of consuming units’ is a proxy for the population served by a utility. This variable 
seeks to determine whether there are economies of scale in the water sector in South Africa. 
Economies of scale occur when there are cost savings associated with an increase in the level 
of production. Thus, if economies of scale exist, the larger utilities with greater numbers of 
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consuming units will be able to provide water at lower cost and will be more efficient than the 
smaller utilities. According to StatsSA, the smallest water utility serves approximately 2000 
consuming units and the largest serves almost 1 million consuming units. This means the 
largest water utility serves a population approximately 468 times the size of the population 
served by the smallest utility (StatsSA, 2016). The vast differences in sizes of population served 
highlight the importance of determining whether the South African water sector enjoys 
economies of scale which would greatly disadvantage the smaller rural water utilities.  
 
In South Africa, a water connection may be either metered or unmetered. A metered connection 
allows a utility to accurately measure water use by a household or business. Unmetered 
connections require estimations of the actual amount of water used by an entity, and thus are 
prone to measurement and estimation errors. Theoretically, a larger percentage of connected 
meters should positively impact a utility’s efficiency score. In 2012, the WRC conducted a 
study to determine whether apparent water losses which are a component of non-revenue water 
are related to water utility metering. The study found that water losses were lower for utilities 
with high levels of metering, particularly those that were able to maintain, service and add to 
the level of metered connections for the population serviced. Therefore, this study seeks to 
investigate whether the percentage of connected meters has a significant effect on the efficiency 
scores of the utilities.   
 
Location is included in this study to investigate whether efficiency is affected by being in an 
urban or a rural area. If urban locations have a positive impact on efficiency scores, it is vital 
that efficiency analysis is conducted in separate urban and rural clusters. A rural utility has no 
control over its location; efficiency scores should not penalise municipalities for exogenous 
factors, particularly if those efficiency scores are used to set tariffs or determine grant amounts 
from the government. 
 
4.4 Descriptive statistics  
We set out to construct a panel data set for South African water utilities that allows us to 
undertake efficiency analysis. One of the most important advantages of panel data is that it 
allows you to control for variables you cannot observe. Most importantly, it allows for control 
of variables that change over time, but not across entities; that is, it accounts for individual 
heterogeneity. Table 3 below is a statistical summary of the sample data used in this study to 
compute the efficiency of utilities in South Africa.  
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  Table 3: Statistical summary of sample data 
Variables Measurements Average Standard 
Deviation 
Minimum Maximum 
Inputs Operating costs 
(R/year in 
millions) 279  765  0.556  5 100  
 Length of mains 
(km in thousands) 4.653 52.423 46 920.329 
Outputs Authorised 
consumption 
(kl/year in 
millions) 25.2 61.5 0.22 350  
 
Water quality (%) 71 24 5 99 
Continuous 
explanatory 
variables 
Non-revenue water 
(kl/year in 
millions) 13.9 29.6 0.1 210  
 Consuming units 
(in thousands)  100.638 196.144 2.065 965.975 
 Ratio of metered 
to unmetered 
connections (%) 87 17 13 100 
Categorical 
explanatory 
variable 
Location:  
Urban = 1  0.454 0.499 0 1 
 
The data used in this study was collected from multiple sources. Operating costs (expenditure) 
were obtained from the National Treasury website, under ‘Section 71: Consolidation of revenue 
and expenditure numbers for each municipality’. Number of consuming units was collected 
from the StatsSA website, under ‘P9115 Non-financial census of municipalities’. Length of 
mains, authorised consumption, number of unmetered and metered connection (this study uses 
the ratio of metered to unmetered connections) and non-revenue water was obtained from the 
DWA website, under ‘Water conservation and demand management’. Water quality was 
obtained from the Blue Drop report (DWA, 2012). Municipal categories were obtained from 
the ‘State of basic service delivery in South Africa: In-depth analysis of the Community Survey 
2016 data, Report 03-01-22’ (StatsSA, 2016). 
  
Table 3 above shows that the data collected for this study is widely spread around the expected 
values, as indicated by the large standard deviation for all variables used except for ‘ratio of 
metered to unmetered connections’ and ‘location’. The data shows very significant differences 
between the minimum and maximum values for each variable. The utility with the largest 
number of consuming units provides for over 467 times more consuming units than the utility 
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with the least number of consuming units. The utility with the largest operating costs spends 
over 9 100 times more than the utility with the minimum operating costs.  
 
This indicates a significant difference in capacity among the 77 utilities included in this study. 
Urban utilities, particularly the metropolitan utilities (category A), are significantly larger and 
have a greater jurisdiction to serve compared to rural utilities (particularly category B4), and 
the data reflects these variances. The data variations are an early indicator of the probable 
significance of ‘location’ as an explanatory variable for efficiency in the South African water 
sector. Given the data in Table 3, an a priori assumption can be made that the 77 water utilities 
are not homogeneous. 
 
4.5. Conclusion  
This study evaluates the efficiency of 35 urban water utilities and 42 rural water utilities from 
2010 to 2012 and in 2014. Only 77 out of a total of 152 utilities were included in this study, as 
there was data missing for the other 75 utilities. This study uses the conventional DEA model 
and the double-bootstrap DEA model to compute the efficiency scores for South African water 
utilities. Both DEA models can only compute efficiency scores for utilities that have no missing 
data for the variables included in the analysis. As a result, efficiency scores for 77 utilities for 
the years 2010-2012 and 2014 have been computed. 
  
‘Operating expenditure’ and ‘length of mains’ are the selected inputs, and ‘total water 
distributed’ and ‘water quality’ are the outputs. Four determinants are selected for this study, 
namely location, non-revenue water, ratio of metered to unmetered connections and consuming 
units. The DEA model is a cross-sectional model, and thus each utility becomes four separate 
decision-making units (DMUs) for each year under analysis. 308 decision-making units 
(DMUs) are included in the analysis. Due to the cross-sectional nature of the model, the 
performance of the utilities over the four years is compared to the best-performing municipality 
overall in the four years considered.   
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Chapter 5: Results and Discussion 
 
 
5.1 Introduction 
The analysis in this study was done in three phases. Firstly, the full sample of 77 water utilities 
was evaluated to determine the bias-corrected efficiency scores, as well as the determinants of 
efficiency. This is important, as it enables the evaluation of whether ‘location’ is a significant 
explanatory variable in efficiency analysis for South African utilities. The study found location 
to be a significant explanatory variable; thus, urban and rural utilities were evaluated 
separately.  
 
In the second stage, the 35 urban utilities’ efficiency scores and determinants of efficiency were 
computed. Lastly, the same analysis was conducted for the cluster of 42 rural utilities. The 
results and analysis for each phase are presented below. It is important to note that only the 
regression results of the full sample are presented in this study; due to the significance of the 
‘location’ variable, the efficiency scores of the full sample are not relevant. 
 
5.2 Urban and rural regression results 
Four variables – namely ‘non-revenue water’, ‘consuming units’, ‘location’ and ‘ratio of 
metered to unmetered connections’ – were chosen as explanatory variables in this study. The 
dependent variable in the regression analysis below is the inefficiency of the utilities. A utility 
is efficient if its bias-corrected efficiency score is equal to 1, and inefficient if the bias-corrected 
score is greater than 1. As a result, efficiency gains are indicated by a negative sign on the 
estimated coefficient, and a positive sign indicates that the estimated parameter lowers 
efficiency for the utility. Table 4 below shows the regression results of the full sample – that 
is, 35 urban and 42 rural utilities – combined. 
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Table 4: Urban and rural truncated regression results 
Dependent   Inefficiency 
Independent 
Coefficients 
Non-revenue water 
-0.0069 (0.0072 
Consuming units 
0.0167* (0.0094) 
Location 
-0.0888*** (0.0145 
Ratio of metered to unmetered connections 
0.0287* (0.0174) 
Cons 
0.9488*** (0.1042) 
Observation 
77 
Note: Standard errors in parenthesis 
* p < 0.10; ** p< 0.05; *** p < 0.01 
 
The key explanatory variable in this first stage of analysis is the exogenous variable ‘location’. 
The coefficient has a p-value of 0.000 and is thus significant at 1%. This implies that for South 
African utilities, the location of the utility is strongly relevant in efficiency analysis. The 
coefficient is negative (-0.0888), and this shows that location has a positive effect on efficiency. 
Specifically, since location is a categorical variable defined as urban=1, being in an urban area 
has a positive effect on the bias-corrected efficiency scores of the utilities.  
 
This finding is consistent and expected, given the large disparities in resources and 
infrastructure between urban and rural areas in South Africa. The data analysis reported in the 
previous section is consistent with this finding. The a priori assumption in the South African 
context is that location in urban areas has a positive effect on bias-corrected efficiency scores. 
As noted earlier, the use of production-frontier approaches such as DEA requires that the 
utilities included in a sample be significantly similar; thus, the sample is divided into rural and 
urban categories for the remaining analysis. 
  
‘Number of consuming units’ is found to be significant at the 10% level of significance, but 
has a negative effect on efficiency, as indicated by the positive sign of the coefficient. The 
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findings indicate that South African water utilities’ bias-corrected efficiency scores are 
negatively impacted by an increase in consuming units. This implies that utilities, particularly 
metropolitan municipality utilities, do not have an advantage over the smaller (often rural) 
utilities. The coefficient for consuming units is 0.0167; a 1-unit increase in consuming units 
would result in a 0.0167 decrease in the bias-corrected efficiency scores of the water utility. 
The presence or absence of economies of scale will be further analysed for the urban and rural 
samples, as location a significant determinant of efficiency. 
 
The ‘ratio of metered to unmetered connections’ is positive and significant, as shown in the 
table above. The p-value is 0.099 and is significant at 10%. According to these results, a utility 
in South Africa’s water sector with a higher percentage of metered connections to unmetered 
connections is more inefficient. The results are inconsistent with the a priori expectations, since 
a utility with a higher number of metered connections should be able to measure and account 
for the water it provides more accurately, and bill consumers more effectively. This could 
possibly allow more efficient revenue collection. However, this finding must be re-evaluated 
for the urban and rural samples separately, owing to the significance of location as an 
explanatory variable. ‘Non-revenue water’ was found to be an insignificant explanatory 
variable for the entire sample of South African utilities. The effect of non-revenue water will 
be further analysed for the urban and rural samples separately, as location is a significant 
determinant of efficiency. 
 
5.3 Urban biased efficiency score results 
The conventional DEA model was used to estimate the biased efficiency scores of the 35 urban 
water utilities included in this study. Table 5 below shows a sample of the biased efficiency 
scores. There were 140 urban DMUs included, and Table 5 reports the top 20 most efficient 
scores, to ensure a concise discussion of the findings. (Appendix A contains the results of all 
140 urban biased efficiency scores.) 
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Table 5: Urban biased efficiency scores (top 20) 
ID Municipal 
Category 
Year Biased efficiency scores Rank 
55 A 2012 1.0000 1 
8 A 2014 1.0000 1 
279 B2 2012 1.0000 1 
267 B1 2012 1.0000 1 
124 A 2014 1.0000 1 
263 B1 2012 1.0000 1 
271 B2 2012 1.0000 1 
162 B1 2011 1.0000 1 
83 B2 2012 1.0000 1 
109 B1 2010 1.0000 1 
251 B2 2012 1.0000 1 
123 A 2012 1.0000 1 
303 B2 2012 1.0000 1 
82 B2 2011 1.0000 1 
295 B1 2012 1.0000 1 
219 B1 2012 1.0000 1 
111 B1 2012 1.0000 1 
291 B2 2012 1.0015 18 
234 A 2011 1.0017 19 
265 B1 2010 1.0022 20 
 
Column 5 in Table 5 above, labelled ‘Biased efficiency scores’, gives the conventional DEA 
efficiency scores. Five category A, eight category B1 and seven category B2 utilities make up 
the top 20 best-performing utilities in the four years covered by this study. This indicates that 
the category, and thus the relative size of a utility, is probably not significant in determining 
biased efficiency scores in the urban sector. The average efficiency score of whole urban 
sample was 1.0361, with a standard deviation of 0.0294. This implies that an average urban 
utility can decrease its inputs by approximately 3.48% in order to perform as efficiently as the 
benchmark utility, while maintaining the same level of output.  
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5.4 Double-bootstrap results: urban top 20 
The double-bootstrap DEA model was used to estimate the bias-corrected efficiency scores of 
the 35 urban water utilities included in this study. Table 6 below shows a sample of the biased 
efficiency scores. Only the top 20 most efficient scores are reported, to ensure succinct 
discussions of findings. (Appendix A contains the results of the full 140 urban bias-corrected 
efficiency scores.) Table 6 below shows the bias-corrected efficiency scores for the top 20 best-
performing urban utilities in the four years under review. 
 
Table 6: Urban bias-corrected efficiency scores (top 20) 
ID Municipal 
Category 
Year Biased 
efficiency 
scores 
Rank Bias Bias-corrected 
efficiency 
scores 
Rank 
234 A 2011 1.0017 19 -0.0065 1.0082 1 
95 A 2010 1.0035 23 -0.0075 1.0110 2 
233 A 2010 1.0071 28 -0.0065 1.0136 3 
53 A 2010 1.0096 33 -0.0055 1.0151 4 
55 A 2012 1.0000 1 -0.0162 1.0162 5 
8 A 2014 1.0000 1 -0.0169 1.0169 6 
279 B2 2012 1.0000 1 -0.0169 1.0169 7 
121 A 2010 1.0034 22 -0.0135 1.0169 8 
291 B2 2012 1.0015 18 -0.0159 1.0174 9 
265 B1 2010 1.0022 20 -0.0154 1.0176 10 
267 B1 2012 1.0000 1 -0.0185 1.0185 11 
124 A 2014 1.0000 1 -0.0187 1.0187 12 
263 B1 2012 1.0000 1 -0.0191 1.0191 13 
261 B1 2010 1.0092 32 -0.0101 1.0193 14 
6 A 2011 1.0122 35 -0.0080 1.0202 15 
54 A 2011 1.0147 42 -0.0056 1.0202 16 
7 A 2012 1.0136 37 -0.0073 1.0209 17 
271 B2 2012 1.0000 1 -0.0212 1.0212 18 
81 B2 2010 1.0027 21 -0.0186 1.0213 19 
122 A 2011 1.0065 27 -0.0154 1.0219 20 
 
Column 7 in Table 6 above (labelled ‘Bias’) shows estimates of the bias of the efficiency scores 
computed by the conventional DEA model. According to Simar and Wilson (2007), the 
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bootstrap technique used in this study allows for more accurate estimation of efficiency scores, 
using a finite sample size, resulting in the generation of a strictly negative bias for the efficiency 
scores computed. The negative bias obtained in this study is consistent with findings in other 
studies that have employed the double-bootstrap model (see Ananda, 2014; Molinos-Senante 
et al., 2018). 
  
Column 8 above shows bias-corrected efficiency scores for the urban South African utilities. 
The average bias-corrected efficiency score is 1.0486 (see Appendix A), which is significantly 
larger than the average biased efficiency score of 1.0361. This means an average utility can 
decrease its inputs by 4.63% to perform as efficiently as the benchmark utility, while 
maintaining the same level of output. This implies that using the biased efficiency scores would 
result in underestimation of potential input savings by an average of 1.15%.  
 
The rankings of the utilities are significantly different when using the bias-corrected efficiency 
scores. Out of the 17 urban utilities found to be efficient using the biased efficiency scores (that 
is, that had efficiency scores equal to 1), only 7 are in the top 20 most efficient utilities for any 
of the four years under review. The City of Tshwane is the best-performing utility in all four 
years but was ranked 19th using the conventional DEA model. The City of Ekurhuleni (ID 53) 
is 4th according to the bias-corrected efficiency scores but was ranked 33rd using the biased 
efficiency scores. Stellenbosch (ID 265) is ranked 10th using the double-bootstrap efficiency 
scores but was previously ranked 20th using the conventional DEA model. 
 
The differences found in the scores, as well as the rankings obtained from the conventional 
DEA model and the double-bootstrap model, have significant implications for regulators and 
policymakers. In countries where regulators use the results of efficiency analysis to regulate 
the water sector in areas including tariff levels, it is imperative that accurate bias-corrected 
efficiency scores are utilised in the formulation of the policy. Utilities should be accurately 
rewarded or penalised based on robust efficiency scores obtained from the double-bootstrap 
model. As shown in Table 6 above, the rankings change significantly for some utilities when 
bias-corrected efficiency scores are considered.  
 
5.5 Urban determinant results 
The second stage of the double-bootstrap DEA model allows for the identification of the 
determinants of efficiency or environmental factors that significantly influence the estimated 
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efficiency obtained in the first stage. The explanatory parameters included in this study are 
‘non-revenue water’, ‘consuming units’ and the ‘ratio of metered to unmetered connections’. 
Table 7 below shows the regression results for the 35 urban utilities. 
 
Table 7: Urban truncated regression results 
Dependent  Inefficiency  
Independent  
Coefficients 
Non-revenue water 
-0.0072** (0.0035) 
Consuming Units 
0.0007 (0.0046)  
Ratio of metered to unmetered connections 
-0.0587*** (0.0199 
Cons 1.4130*** (0.1037) 
Observations 35 
Note: Standard errors in parenthesis 
* p < 0.10; ** p< 0.05; *** p < 0.01 
 
‘Non-revenue water’ is significant at 5% for the urban South African utilities. These findings 
differ from those found in the full sample, which showed non-revenue water to be an 
insignificant variable. However, the sign of the coefficient is contrary to the a priori 
assumptions. The negative sign on the coefficient of non-revenue water implies that increasing 
the levels of this variable will result in higher levels of efficiency for the utilities. This means 
utilities with high levels of non-revenue water would be more efficient than those with lower 
levels, ceteris paribus. This finding is contrary to the theory as well as to findings from studies 
conducted in other countries.  
 
Molinos-Senante et al. (2018) found that non-revenue water variable had a positive sign, 
implying that reduced levels of such a variable would increase the efficiency levels of the 
utility, ceteris paribus. High levels of non-revenue water would impose an added burden on the 
utilities’ operating expenditure, as more revenue would have to be devoted to larger volumes 
of bulk water purchases to maintain the same level of output. The double-bootstrap model used 
in this study is input-oriented, as the aim of utilities is to meet demand by making use of as 
little of the inputs as possible. The negative sign is thus counterintuitive.  
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However, Ananda (2014) found that in Australia, leakages had a positive effect on efficiency. 
The study found that utilities with higher volumes of leakage had lower levels of operating 
expenditure. The study proposed that it was likely that leakage had a short-term positive impact 
on efficiency, as the utilities would minimise inputs by not devoting expenditure to maintaining 
the water infrastructure, which in turn increased the likelihood of leakages. If the amount 
‘saved’ by not maintaining infrastructure outweighs the subsequent cost of leakages, the 
utilities may enjoy temporary increases in efficiency.  
 
This analysis provides a possible explanation for the positive impact that non-revenue water 
has on efficiency scores of urban utilities, as this study is restricted to the short run (four years). 
‘Non-revenue water’, in this study, is defined as apparent losses (which includes unauthorised 
consumption) and real losses (which includes leakages). In the short run, it is possible that 
utilities that do not spend on infrastructure maintenance may experience efficiency gains if the 
amount lost to non-revenue water is less than the cost of repairs and maintenance of the 
infrastructure. The coefficient of non-revenue water is -0.0072. Despite its negative sign, the 
size of the coefficient indicates that its impact is minimal. A 1kl increase in non-revenue water 
volume would increase the bias-corrected efficiency scores by only 0.0072.  
 
The second explanatory variable is ‘number of consuming units’. This exogenous variable is 
included in this study to determine whether utilities that service larger populations enjoy 
economies of scale. The number of consuming units is found to be insignificant for the urban 
utilities. This implies that among the urban utilities there are no economies of scale enjoyed by 
category A utilities that would render them likely to be more efficient than a category B2 utility. 
The bias-corrected efficiency scores support these results. In the top 20, 8 are utilities from 
category B1 and B2, with 3 of them being in the top 10. Buffalo City (ID 4) is a category A 
utility but is ranked 110th. 
  
The final determinant of efficiency considered in this study is the ‘ratio of metered to 
unmetered connections’; it is negative and significant at 1%, as shown in Table 7 above. The 
p-value is 0.003, and the findings are consistent with the a priori expectations. A utility in the 
urban water sector of South Africa with a higher percentage of metered connections to 
unmetered connections is more efficient. Such a utility may more accurately measure and 
account for the water it provides and bill the consumer more effectively. This may possibly 
allow more efficient revenue collection. A 1-unit increase in the ratio of metered to unmetered 
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connections will increase the bias-corrected efficiency scores of an urban utility by 
approximately 0.0587 units. Managers and policymakers in the urban sector should aim to 
improve the percentage of consuming units with metered connections in order to improve the 
efficiency of the utility.  
 
5.6 Rural utilities – conventional DEA results 
The conventional DEA model was used to estimate the biased efficiency scores of the 42 rural 
water utilities, and Table 8 below shows a sample of the biased efficiency scores. There are 
168 rural DMUs included, and Table 8 reports the top 20 most efficient scores. (The full results 
of the 168 rural DMU biased efficiency scores can be found in Appendix B). 
 
Table 8: Rural biased efficiency scores (top 20) 
ID Municipal Category Year Biased Efficiency Score Rank 
187 B3 2012 1.0000 1 
208 B3 2014 1.0000 1 
207 B3 2012 1.0000 1 
80 B3 2014 1.0000 1 
71 B3 2012 1.0000 1 
190 B3 2011 1.0000 1 
189 B3 2010 1.0000 1 
144 B3 2014 1.0000 1 
78 B3 2011 1.0000 1 
79 B3 2012 1.0000 1 
192 B3 2014 1.0000 1 
297 B3 2010 1.0000 1 
213 B3 2010 1.0000 1 
299 B3 2012 1.0000 1 
307 B3 2012 1.0000 1 
259 B3 2012 1.0000 1 
18 C2 2011 1.0000 1 
19 C2 2012 1.0000 1 
165 B4 2010 1.0000 1 
17 C2 2010 1.0000 1 
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Column 5 in Table 8 above, labelled ‘Biased efficiency score’, shows the conventional DEA 
efficiency scores. 16 category B3, 1 category B4 and 3 category C2 utilities make up the top 
20 best-performing rural utilities in the four years included in this study. This indicates that the 
category, and thus the relative size, of a utility is probably significant in determining biased 
efficiency scores in the rural sector. The average efficiency score is 1.0996, with a standard 
deviation of 0.0785. This implies that an average rural utility can decrease its inputs by 
approximately 9.06% to perform as efficiently as the benchmark utility, while maintaining the 
same level of output.  
 
5.7 Double-bootstrap results: rural top 20 
The double-bootstrap DEA model was used to estimate the bias-corrected efficiency scores of 
the 42 rural water utilities, and Table 9 below shows a sample of the bias-corrected efficiency 
scores. There are 168 rural DMUs included, and Table 9 reports the top 20 most-efficient 
scores. (The full results of the 168 rural DMU bias-corrected efficiency scores can be found in 
Appendix B). 
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Table 9: Rural bias-corrected efficiency scores (top 20) 
ID Municipal 
Category 
Year Biased 
Efficiency 
Score 
Rank Bias Bias-
Corrected 
Efficiency 
Scores 
Rank 
187 B3 2012 1.0000 1 -0.0134 1.0134 1 
173 B3 2010 1.0047 25 -0.0115 1.0162 2 
206 B3 2011 1.0011 22 -0.0161 1.0172 3 
205 B3 2010 1.0011 22 -0.0172 1.0183 4 
85 B3 2010 1.0013 24 -0.0179 1.0192 5 
208 B3 2014 1.0000 1 -0.0247 1.0247 6 
207 B3 2012 1.0000 1 -0.0249 1.0249 7 
80 B3 2014 1.0000 1 -0.0265 1.0265 8 
71 B3 2012 1.0000 1 -0.0274 1.0274 9 
190 B3 2011 1.0000 1 -0.0295 1.0295 10 
94 B3 2011 1.0134 27 -0.0161 1.0295 11 
175 B3 2012 1.0163 30 -0.0139 1.0302 12 
189 B3 2010 1.0000 1 -0.0311 1.0311 13 
222 B4 2011 1.0132 26 -0.0191 1.0323 14 
221 B4 2010 1.0161 29 -0.0177 1.0338 15 
87 B3 2012 1.0164 31 -0.0191 1.0355 16 
144 B3 2014 1.0000 1 -0.0360 1.0360 17 
224 B4 2014 1.0159 28 -0.0207 1.0366 18 
88 B3 2014 1.0167 32 -0.0204 1.0372 19 
176 B3 2014 1.0212 34 -0.0164 1.0376 20 
 
Column 7 in Table 9 above, labelled ‘Bias’, shows estimates of the bias of the efficiency scores 
computed by the conventional DEA model. The bias is negative, which is consistent with the 
results of the urban sample. Column 8 in Table 9 above provides the bias-corrected efficiency 
scores for the rural South African utilities. The average bias-corrected efficiency score is 
1.1320 (see Appendix B), which is significantly larger than the average biased efficiency score 
of 1.0996. This means an average utility can decrease its inputs by 11.66% to perform as 
efficiently as the benchmark utility, while maintaining the same level of output. This implies 
that using the biased efficiency scores would result in an underestimation of potential input 
savings by an average of 2.60%.  
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The rankings of the utilities are significantly different when the bias-corrected efficiency scores 
are used. Out of the 20 urban utilities found to be efficient using the biased efficiency scores 
(that is, those that had efficiency scores equal to 1), only 8 remain in the top 20 most-efficient 
utilities for any of the four years under review using the bias-corrected efficiency scores. Karoo 
Hoogland is exceptional, as it is the benchmark utility for the four years under review according 
to the double-bootstrap efficiency scores and was also found to be efficient using the 
conventional DEA model. However, there are significant changes in the rankings for most of 
the utilities. Richtersveld (ID 173) is ranked 2nd according to the bias-corrected efficiency 
scores but was ranked 25th using the biased efficiency scores. Gamagara (ID 221) is ranked 
15th using the double-bootstrap efficiency scores but was previously ranked 29th using the 
efficiency scores generated by the conventional DEA model. 
  
In conclusion, the differences found in the scores as well as the rankings obtained from the 
conventional DEA model and the double-bootstrap model have significant implications for 
regulators and policymakers in the rural context, just as in the urban sector. Regulators and 
policymakers must be equipped with accurate efficiency scores. Utilities should be accurately 
rewarded or penalised based on robust efficiency scores obtained from the double-bootstrap 
model. As shown above, the rankings significantly for some utilities when bias-corrected 
efficiency scores are considered.  
 
5.8 Rural determinant results 
The determinants of the rural bias-corrected efficiency scores were identified using the second 
stage of the double-bootstrap DEA approach. The same explanatory variables as in the urban 
case above were included, namely ‘non-revenue water’, ‘consuming units’, and the ‘ratio of 
metered to unmetered connections'. Table 10 below shows the regression results of the 42 rural 
utilities. 
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Table 10: Rural truncated regression results 
Dependent Inefficiency  
Independent  Coefficients 
Non-revenue water -0.0069 (0.0110) 
Consuming Units 0.0501*** (0.0143) 
Ratio of metered to unmetered connections 0.0911*** (0.0237) 
Cons 0.3358** (0.1474) 
Observations 42 
Note: Standard errors in parenthesis 
* p < 0.10; ** p< 0.05; *** p < 0.01 
 
‘Non-revenue water’ is an insignificant determinant for the rural South African utilities. These 
findings are consistent with those for the full sample, which had non-revenue water as an 
insignificant variable, but differ from those of the urban sample. In the urban sample, non-
revenue water was found to be significant; in the rural sample, it is insignificant. 
  
The second determinant included is the ‘number of consuming units’, which is found to be 
positive and significant at 1% for the rural utilities. This implies that among the rural utilities, 
there are no economies of scale enjoyed by the larger utilities or by utilities that service larger 
jurisdictions. This is because the coefficient is positive, and this means an increase in the 
number of consuming units negatively impacts efficiency. This finding is contrary to previous 
studies (see Ananda, 2014; Molinos-Senante et al., 2018).  
 
However, it is worth noting that these previous studies were conducted on urban water utilities 
that provided both water and sewerage services, and thus economies of scale could have been 
derived from the provision of both services. These findings are restricted to the water functions 
of rural utilities in South Africa. The results are not surprising, given the South African rural 
context. In the rural areas, consuming units are typically further apart than in urban areas, and 
this makes the provision of piped water costlier in terms of infrastructural demands and the 
subsequent costs of maintenance. The coefficient of consuming units is 0.0501. An additional 
consuming unit decreases the bias-corrected efficiency score of a rural utility by 0.0501. 
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The ‘ratio of metered to unmetered connections’ is positive and significant at 1%, as shown in 
Table 10. The p-value is 0.000, and the findings are inconsistent with those from the urban 
sample. According to these findings, a utility with a higher percentage of metered connected 
to unmetered connections is less efficient in the rural water sector of South Africa. However, 
it is important to note the significant service backlogs faced by many rural utilities. A 
significant number of these utilities do not have enough infrastructure to allow them to service 
the population in their jurisdiction efficiently.  
 
Due to these backlogs, a utility that has a higher level of connected meters would have invested 
significantly in improving its infrastructure, which would reflect as high operating expenditure. 
In the short run, it is likely that the efficiency scores of the utility investing in expanding the 
network of connected meters may result in lower efficiency scores, due to its high operating 
costs. However, in the long run the investments made by the utility are expected to pay off, as 
revenue collection will be more efficient and will result in increased efficiency scores and 
performance. Therefore, in the rural context, increasing the ratio of metered to unmetered 
connections by 1 unit will reduce the bias-corrected efficiency scores by 0.0911 units. 
 
5.9 Concluding remarks 
The determinants of efficiency differ between the urban and rural water sectors of South Africa. 
In the urban water sector, non-revenue water and the ratio of metered to unmetered connections 
are significant in explaining the efficiency scores of water utilities, whereas the number of 
consuming units is found to be insignificant. Non-revenue water is found to affect efficiency 
positively, which is counter-intuitive, and the ratio of metered to unmetered connections is 
found to positively impact performance, which is consistent with a priori assumptions.  
 
In the rural water sector, non-revenue water is insignificant, whereas the number of consuming 
units and the ratio of metered to unmetered connections are both highly significant. Consuming 
units are found to negatively impact efficiency scores, implying that there are no economies of 
scale enjoyed in the rural water sector of South Africa. However, the ratio of metered to 
unmetered connections is found to negatively impact efficiency, which is inconsistent with 
theoretical assumptions.  
 
The results of this study suggest that factors that influence inefficiency differ between urban 
and rural water utilities, justifying splitting the sample into these two categories. Most 
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importantly, the results suggest that there is a systematic difference between factors that drive 
inefficiency in urban and in rural areas. There is also evidence that the ranking of water utilities 
changes notably depending on whether efficiency scores are computed by applying 
conventional or double-bootstrap DEA models. Moreover, it was found that the ratio of 
metered to unmetered connections drives the efficiency of South African water providers in 
general. This investigation illustrates the importance of using a robust and reliable method to 
increase the relevance of efficiency analysis.  
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Chapter 6: Summary, Conclusions and Recommendations 
 
 
6.1 Summary 
Despite the rapid global revitalisation of water provision policy, and the universal need to 
measure and strive for efficiency and productivity by all water providers as a means of ensuring 
the sustainability of this key resource, it is only recently that the most advanced econometric 
and mathematical programming frontier techniques have been applied to water utilities. The 
application of these sophisticated tools is currently undertaken mostly in developed and 
emerging economies such as the USA, Spain, Australia and Brazil, among others. The overall 
aim of this research project is to estimate and evaluate the determinants of efficiency.  
 
A World Bank review of benchmarking by Kingdom and Jagannathan (2001) concluded that 
in some regions or countries, regulators routinely publish indicators of water service providers’ 
performance for the use of the public, using platforms such as the media. Exposing the ‘worst 
in class’ has proven a powerful way of pressuring water providers to provide better services to 
consumers. By focusing political attention on service quality, benchmarking can also assist in 
shielding regulators from political interference.  
 
As discussed, a small but slowly growing body of work using frontier efficiency techniques 
has been carried out, mostly in developed countries; hence, this study is vital, as it is part of 
ongoing efforts to conduct such investigations in developing countries. This research evaluates 
the efficiency of water utilities in South Africa and provides an exploration of the impact of 
exogenous variables on measured efficiency. A strong limitation was the lack of a 
comprehensive data set for South Africa that would allow exhaustive and thorough analysis. 
Nonetheless, this research constructed a data set that enabled this investigation to be 
undertaken.  
 
6.2 Conclusions 
We investigated whether South African water service providers’ performance is related to 
certain relevant variables that have been broadly discussed in the existing literature. Among 
these are ‘non-revenue water’, ‘ratio of metered to unmetered connections’, and ‘consuming 
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units’. In addition, we accounted for geographical location (i.e. urban vs rural water service 
providers).  
 
This study was conducted to generate the bias-corrected efficiency scores and the determinants 
of efficiency for South African rural and urban water utilities (provided ‘location’ was found 
to be a significant determinant of efficiency), from 2010 to 2012 and in 2014. A double-
bootstrap DEA model was used to carry out analysis. Location was found to be a determinant 
of efficiency, and thus the sample was divided into rural and urban samples. The results 
obtained in this study strongly highlight the importance of using robust techniques when 
estimating efficiency scores. The biased efficiency scores differed significantly when 
compared to the bias-corrected scores, in both urban and rural samples. In regions where the 
efficiency scores are used to determine tariff levels, the biased efficiency scores would be very 
misleading. In this study, a significant number of utilities’ efficiency scores were overestimated 
by the conventional DEA model. 
 
The conventional DEA efficiency scores are not only misleading in terms of the ranking of the 
utilities, but also concluded there was perfect efficiency for 17 urban utilities and 20 rural 
utilities (a total of 37 utilities); yet the bias-corrected scores show that not a single utility is 
100% efficient. The findings of the truncated regression analysis shed light on the differences 
in the drivers of efficiency in the rural and urban South African context. In the urban sample, 
non-revenue water was found to be significant and to positively influence efficiency, which 
appears counterintuitive. However, it is possible that non-revenue water can positively impact 
efficiency scores in the short run, for utilities whose cost of maintaining infrastructure to reduce 
leakage costs is larger than the realised revenue losses from leakage and unauthorised 
consumption. Policymakers and utility managers should be cautious when interpreting the 
findings on this coefficient. Non-revenue water could potentially negatively impact efficiency 
scores, if the volumes increase significantly. In the rural sample, non-revenue water was found 
to be an insignificant variable in explaining efficiency.  
 
The number of consuming units was found to be insignificant in the urban sample, but highly 
significant with a negative impact on efficiency for the rural sample. This means lower numbers 
of consuming units will positively impact efficiency scores for rural utilities. The final 
explanatory variable investigated in this study was the ratio of metered to unmetered 
connections. In the urban sample, utilities with a higher ratio of metered connections to 
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unmetered connections were found to be more efficient, as expected. However, the opposite 
result was found for the rural sample. A higher ratio of connected meters was found to 
negatively impact the bias-corrected efficiency scores of the utilities. This study was only able 
to compute bias-corrected efficiency scores for 77 utilities over four years, and the 
determinants of efficiency, due to missing data. It is imperative that utilities report accurately 
and consistently to enable more robust analysis to be conducted. Further studies over a longer 
period are required to confirm these results. Other technical factors that could affect the 
utilities’ performance should also be monitored, including information on investments, 
frequency of burst pipes, leakages, water losses, and water sources. 
 
Although the South African water sector is socially and economically critically important, there 
are few robust studies available to assist analysts, practitioners and decision-makers to better 
comprehend the performance patterns in the industry and reveal the drivers of the sector’s 
efficiency or inefficiency, as well as the impact of the water sector on the economy. This study 
is an attempt to shed light on these crucial issues and hopes to spark further academic interest 
in this area.  
 
According to Guerrini (2015) efficiency improvement is one of three trends a public water 
service provider should follow to get funds for investment realisation. The other two are 
recourse to bank credit or to private equity, and water tariff increases. Efficiency can be 
improved, for example by growth and vertical integration, and may be conditioned by 
environmental variables such as customer and output density. Previous studies into the effects 
of these variables on the efficiency of water utilities do not agree on certain points (e.g. scale 
and economies of scope), and rarely consider others (e.g. density economies). 
 
6.3 Policy implications 
The results of this study highlight the importance of using robust methodologies when 
estimating efficiency. Using the conventional DEA model would result in the under- or over-
estimation of inefficiency for some water utilities. Misleading results limit the usefulness of 
benchmarking, as an inefficient utility could mistakenly be ranked first, and thus its managers 
would continue to operate without necessarily looking to reduce input levels.  
‘Location’ was found to be a significant determinant of efficiency. This has strong policy 
implications, as rural and urban water utilities should not be viewed as homogeneous. It is 
important that policymakers note that, as described above, the environmental factors that have 
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a significant impact in influencing the efficiency scores of urban water utilities are not 
necessarily significant in the rural water sector. This necessitates policies that are cognisant of 
the heterogeneity of the utilities in the water sector overall. The policy implications are that 
funding model for water should be different, such that urban and rural water utilities are funded 
differently.  
 
Non-revenue water is appearing to influence the operational efficiency of water utilities in 
urban areas. This is attributed to ageing water infrastructure, which seems to constantly be 
under pressure due to rapid urbanization and growing urban population. In response to satisfy 
growing demand for water in urban population, water utilities are increasing their piped 
network, however, seem to have little resources towards network maintenance. This has 
implications for government and water utility managers.  
 
It is therefore imperative that government needs to consider finding a way to significantly 
increase budgets allocation for water infrastructure maintenance considering country is faced 
with increased demand for water with constrained supply mainly due to climate change (i.e. 
less rainfall combined with higher temperature), hence country cannot continue losing a 
significant amount of water due to ageing infrastructure. Perhaps rural water utilities are not 
affected since there have significantly less piped network, households having various sources 
of water other than piped water and stagnant population. Their water budgets are probably 
spent expanding their piped network, meaning that their limited network is probably in a better 
state, hence non-revenue water is not a concern for them. 
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Appendix A: Full Urban Results 
 
 
Table A1: Urban biased and bias-corrected efficiency scores (full sample) 
ID Municipal 
Category 
Water Utility Year Biased 
Efficiency 
Scores 
Rank Bias Bias-
Corrected 
Efficiency 
Scores 
Rank 
234 A City of Tshwane 2011 1.0017 19 -0.0065 1.0082 1 
5 A City of Cape 
Town 
2010 1.0035 23 -0.0075 1.0110 2 
233 A City of Tshwane 2010 1.0071 28 -0.0065 1.0136 3 
53 A City of 
Ekurhuleni 
2010 1.0096 33 -0.0055 1.0151 4 
55 A City of 
Ekurhuleni 
2012 1.0000 1 -0.0162 1.0162 5 
8 A City of Cape 
Town 
2014 1.0000 1 -0.0169 1.0169 6 
279 B2 Overstrand 2012 1.0000 1 -0.0169 1.0169 7 
121 A City of 
Johannesburg 
2010 1.0034 22 -0.0135 1.0169 8 
291 B2 Mossel Bay 2012 1.0015 18 -0.0159 1.0174 9 
265 B1 Stellenbosch 2010 1.0022 20 -0.0154 1.0176 10 
267 B1 Stellenbosch 2012 1.0000 1 -0.0185 1.0185 11 
124 A City of 
Johannesburg 
2014 1.0000 1 -0.0187 1.0187 12 
263 B1 Drakenstein 2012 1.0000 1 -0.0191 1.0191 13 
261 B1 Drakenstein 2010 1.0092 32 -0.0101 1.0193 14 
6 A City of Cape 
Town 
2011 1.0122 35 -0.0080 1.0202 15 
54 A City of 
Ekurhuleni 
2011 1.0147 42 -0.0056 1.0202 16 
7 A City of Cape 
Town 
2012 1.0136 37 -0.0073 1.0209 17 
271 B2 Breede Valley 2012 1.0000 1 -0.0212 1.0212 18 
81 B2 Dihlabeng 2010 1.0027 21 -0.0186 1.0213 19 
122 A City of 
Johannesburg 
2011 1.0065 27 -0.0154 1.0219 20 
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159 B1 Emalahleni 2012 1.0188 49 -0.0033 1.0221 21 
235 A City of Tshwane 2012 1.0117 34 -0.0103 1.0221 22 
162 B1 Steve Tshwete 2011 1.0000 1 -0.0221 1.0221 23 
83 B2 Dihlabeng 2012 1.0000 1 -0.0226 1.0226 24 
157 B1 Emalahleni 2010 1.0197 51 -0.0034 1.0232 25 
109 B1 Mogale City 2010 1.0000 1 -0.0235 1.0235 26 
266 B1 Stellenbosch 2011 1.0059 25 -0.0178 1.0237 27 
59 A eThekwini 2012 1.0088 31 -0.0149 1.0237 28 
56 A City of 
Ekurhuleni 
2014 1.0181 48 -0.0056 1.0237 29 
262 B1 Drakenstein 2011 1.0080 30 -0.0160 1.0240 30 
126 B1 Msunduzi 2011 1.0146 41 -0.0103 1.0249 31 
163 B1 Steve Tshwete 2012 1.0071 29 -0.0183 1.0254 32 
131 B1 Newcastle 2012 1.0050 24 -0.0204 1.0254 33 
251 B2 Saldanha Bay 2012 1.0000 1 -0.0257 1.0257 34 
226 A Nelson Mandela 
Bay 
2011 1.0211 54 -0.0049 1.0260 35 
84 B2 Dihlabeng 2014 1.0063 26 -0.0206 1.0269 36 
133 B1 uMhlathuze 2010 1.0225 56 -0.0054 1.0279 37 
236 A City of Tshwane 2014 1.0181 47 -0.0099 1.0280 38 
150 A Mangaung 2011 1.0240 58 -0.0042 1.0282 39 
270 B2 Breede Valley 2011 1.0146 40 -0.0139 1.0285 40 
227 A Nelson Mandela 
Bay 
2012 1.0248 59 -0.0044 1.0293 41 
228 A Nelson Mandela 
Bay 
2014 1.0252 60 -0.0041 1.0293 42 
269 B2 Breede Valley 2010 1.0179 46 -0.0114 1.0293 43 
123 A City of 
Johannesburg 
2012 1.0000 1 -0.0297 1.0297 44 
303 B2 Knysna 2012 1.0000 1 -0.0299 1.0299 45 
293 B1 George 2010 1.0142 39 -0.0159 1.0301 46 
161 B1 Steve Tshwete 2010 1.0160 45 -0.0145 1.0305 47 
1 A Buffalo City 2010 1.0237 57 -0.0071 1.0309 48 
147 B2 Mogalakwena 2012 1.0125 36 -0.0186 1.0311 49 
82 B2 Dihlabeng 2011 1.0000 1 -0.0315 1.0315 50 
272 B2 Breede Valley 2014 1.0139 38 -0.0178 1.0316 51 
264 B1 Drakenstein 2014 1.0261 61 -0.0055 1.0316 52 
99 B1 Emfuleni 2012 1.0220 55 -0.0109 1.0329 53 
295 B1 George 2012 1.0000 1 -0.0331 1.0331 54 
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219 B1 Sol Plaatjie 2012 1.0000 1 -0.0332 1.0332 55 
151 A Mangaung 2012 1.0298 69 -0.0040 1.0338 56 
170 B1 City of 
Mbombela 
2011 1.0284 63 -0.0059 1.0343 57 
160 B1 Emalahleni 2014 1.0320 72 -0.0035 1.0355 58 
225 A Nelson Mandela 
Bay 
2010 1.0296 67 -0.0062 1.0358 59 
164 B1 Steve Tshwete 2014 1.0189 50 -0.0172 1.0361 60 
104 B2 Midvaal 2014 1.0152 44 -0.0210 1.0362 61 
302 B2 Knysna 2011 1.0147 43 -0.0221 1.0368 62 
128 B1 Msunduzi 2014 1.0210 53 -0.0167 1.0378 63 
111 B1 Mogale City 2012 1.0000 1 -0.0380 1.0380 64 
127 B1 Msunduzi 2012 1.0296 68 -0.0093 1.0389 65 
110 B1 Mogale City 2011 1.0201 52 -0.0191 1.0393 66 
158 B1 Emalahleni 2011 1.0358 79 -0.0039 1.0397 67 
304 B2 Knysna 2014 1.0289 64 -0.0111 1.0400 68 
301 B2 Knysna 2010 1.0293 65 -0.0107 1.0401 69 
58 A eThekwini 2011 1.0337 74 -0.0071 1.0408 70 
35 B2 Makana 2012 1.0308 71 -0.0102 1.0410 71 
57 A eThekwini 2010 1.0336 73 -0.0074 1.0410 72 
74 B1 Matjhabeng 2011 1.0369 81 -0.0046 1.0415 73 
290 B2 Mossel Bay 2011 1.0295 66 -0.0126 1.0421 74 
3 A Buffalo City 2012 1.0383 83 -0.0056 1.0439 75 
36 B2 Makana 2014 1.0339 76 -0.0104 1.0443 76 
33 B2 Makana 2010 1.0264 62 -0.0179 1.0443 77 
149 A Mangaung 2010 1.0378 82 -0.0083 1.0461 78 
250 B2 Saldanha Bay 2011 1.0303 70 -0.0168 1.0471 79 
249 B2 Saldanha Bay 2010 1.0337 75 -0.0143 1.0481 80 
153 B1 Govan Mbeki 2010 1.0432 88 -0.0055 1.0487 81 
97 B1 Emfuleni 2010 1.0421 85 -0.0069 1.0490 82 
34 B2 Makana 2011 1.0366 80 -0.0125 1.0492 83 
146 B2 Mogalakwena 2011 1.0352 78 -0.0141 1.0492 84 
169 B1 City of 
Mbombela 
2010 1.0426 86 -0.0070 1.0497 85 
155 B1 Govan Mbeki 2012 1.0452 92 -0.0055 1.0507 86 
60 A eThekwini 2014 1.0434 89 -0.0075 1.0509 87 
278 B2 Overstrand 2011 1.0352 77 -0.0177 1.0528 88 
156 B1 Govan Mbeki 2014 1.0478 95 -0.0055 1.0533 89 
154 B1 Govan Mbeki 2011 1.0493 98 -0.0051 1.0544 90 
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75 B1 Matjhabeng 2012 1.0435 90 -0.0114 1.0549 91 
137 B1 Polokwane 2010 1.0493 98 -0.0056 1.0549 92 
98 B1 Emfuleni 2011 1.0448 91 -0.0108 1.0557 93 
218 B1 Sol Plaatjie 2011 1.0478 96 -0.0087 1.0566 94 
277 B2 Overstrand 2010 1.0477 94 -0.0099 1.0576 95 
145 B2 Mogalakwena 2010 1.0411 84 -0.0168 1.0579 96 
135 B1 uMhlathuze 2012 1.0503 101 -0.0087 1.0590 97 
152 A Mangaung 2014 1.0556 105 -0.0045 1.0601 98 
73 B1 Matjhabeng 2010 1.0558 106 -0.0046 1.0604 99 
101 B2 Midvaal 2010 1.0488 97 -0.0117 1.0605 100 
252 B2 Saldanha Bay 2014 1.0495 100 -0.0117 1.0612 101 
280 B2 Overstrand 2014 1.0429 87 -0.0187 1.0616 102 
294 B1 George 2011 1.0459 93 -0.0172 1.0631 103 
171 B1 City of 
Mbombela 
2012 1.0529 103 -0.0105 1.0634 104 
2 A Buffalo City 2011 1.0579 108 -0.0061 1.0640 105 
172 B1 City of 
Mbombela 
2014 1.0529 103 -0.0116 1.0645 106 
132 B1 Newcastle 2014 1.0522 102 -0.0132 1.0654 107 
217 B1 Sol Plaatjie 2010 1.0586 109 -0.0092 1.0678 108 
100 B1 Emfuleni 2014 1.0645 116 -0.0045 1.0690 109 
4 A Buffalo City 2014 1.0670 119 -0.0037 1.0707 110 
103 B2 Midvaal 2012 1.0561 107 -0.0150 1.0711 111 
76 B1 Matjhabeng 2014 1.0617 112 -0.0102 1.0719 112 
138 B1 Polokwane 2011 1.0613 111 -0.0108 1.0721 113 
136 B1 uMhlathuze 2014 1.0628 115 -0.0096 1.0724 114 
129 B1 Newcastle 2010 1.0627 114 -0.0098 1.0725 115 
102 B2 Midvaal 2011 1.0606 110 -0.0131 1.0737 116 
134 B1 uMhlathuze 2011 1.0662 117 -0.0093 1.0755 117 
112 B1 Mogale City 2014 1.0625 113 -0.0140 1.0766 118 
130 B1 Newcastle 2011 1.0667 118 -0.0104 1.0771 119 
139 B1 Polokwane 2012 1.0734 123 -0.0079 1.0813 120 
140 B1 Polokwane 2014 1.0703 121 -0.0114 1.0817 121 
268 B1 Stellenbosch 2014 1.0693 120 -0.0151 1.0844 122 
230 B1 Rustenburg 2011 1.0775 125 -0.0079 1.0854 123 
148 B2 Mogalakwena 2014 1.0718 122 -0.0149 1.0866 124 
125 B1 Msunduzi 2010 1.0821 129 -0.0059 1.0881 125 
220 B1 Sol Plaatjie 2014 1.0811 128 -0.0093 1.0904 126 
231 B1 Rustenburg 2012 1.0840 130 -0.0075 1.0915 127 
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296 B1 George 2014 1.0777 126 -0.0144 1.0921 128 
119 B2 Rand West City 2012 1.0741 124 -0.0184 1.0925 129 
292 B2 Mossel Bay 2014 1.0796 127 -0.0142 1.0938 130 
117 B2 Rand West City 2010 1.0845 131 -0.0137 1.0982 131 
229 B1 Rustenburg 2010 1.0895 132 -0.0125 1.1021 132 
118 B2 Rand West City 2011 1.0908 133 -0.0143 1.1051 133 
232 B1 Rustenburg 2014 1.1018 138 -0.0056 1.1074 134 
289 B2 Mossel Bay 2010 1.0968 134 -0.0106 1.1074 135 
115 B2 Merafong City 2012 1.0981 135 -0.0121 1.1101 136 
114 B2 Merafong City 2011 1.0996 136 -0.0123 1.1119 137 
113 B2 Merafong City 2010 1.1011 137 -0.0140 1.1151 138 
120 B2 Rand West City 2014 1.1133 139 -0.0157 1.1290 139 
116 B2 Merafong City 2014 1.1239 140 -0.0139 1.1378 140 
  Average  1.0361   1.0486 
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Appendix B: Full Rural Results 
 
 
Table B1: Rural biased and bias-corrected efficiency scores (full sample) 
ID Municipal 
Category 
Water Utility Year Biased 
Efficiency 
Scores 
Rank Bias Bias-
Corrected 
Efficiency 
Scores 
Rank 
187 B3 Karoo Hoogland 2012 1.0000 1 -0.0134 1.0134 1 
173 B3 Richtersveld 2010 1.0047 25 -0.0115 1.0162 2 
206 B3 Siyathemba 2011 1.0011 22 -0.0161 1.0172 3 
205 B3 Siyathemba 2010 1.0011 22 -0.0172 1.0183 4 
85 B3 Mantsopa 2010 1.0013 24 -0.0179 1.0192 5 
208 B3 Siyathemba 2014 1.0000 1 -0.0247 1.0247 6 
207 B3 Siyathemba 2012 1.0000 1 -0.0249 1.0249 7 
80 B3 Setsoto 2014 1.0000 1 -0.0265 1.0265 8 
71 B3 Tswelopele 2012 1.0000 1 -0.0274 1.0274 9 
190 B3 Khâi-Ma 2011 1.0000 1 -0.0295 1.0295 10 
94 B3 Mafube 2011 1.0134 27 -0.0161 1.0295 11 
175 B3 Richtersveld 2012 1.0163 30 -0.0139 1.0302 12 
189 B3 Khâi-Ma 2010 1.0000 1 -0.0311 1.0311 13 
222 B4 Gamagara 2011 1.0132 26 -0.0191 1.0323 14 
221 B4 Gamagara 2010 1.0161 29 -0.0177 1.0338 15 
87 B3 Mantsopa 2012 1.0164 31 -0.0191 1.0355 16 
144 B3 Lephalale 2014 1.0000 1 -0.0360 1.0360 17 
224 B4 Gamagara 2014 1.0159 28 -0.0207 1.0366 18 
88 B3 Mantsopa 2014 1.0167 32 -0.0204 1.0372 19 
176 B3 Richtersveld 2014 1.0212 34 -0.0164 1.0376 20 
78 B3 Setsoto 2011 1.0000 1 -0.0408 1.0408 21 
212 B3 !Kheis 2014 1.0214 35 -0.0206 1.0420 22 
86 B3 Mantsopa 2011 1.0257 39 -0.0183 1.0440 23 
214 B3 Tsantsabane 2011 1.0276 40 -0.0169 1.0445 24 
79 B3 Setsoto 2012 1.0000 1 -0.0445 1.0445 25 
223 B4 Gamagara 2012 1.0279 41 -0.0172 1.0451 26 
201 B3 Thembelihle 2010 1.0286 42 -0.0211 1.0497 27 
186 B3 Karoo Hoogland 2011 1.0291 43 -0.0212 1.0504 28 
188 B3 Karoo Hoogland 2014 1.0312 48 -0.0201 1.0513 29 
50 B3 Kou-Kamma 2011 1.0418 57 -0.0115 1.0533 30 
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174 B3 Richtersveld 2011 1.0336 50 -0.0212 1.0547 31 
185 B3 Karoo Hoogland 2010 1.0417 56 -0.0135 1.0553 32 
257 B3 Witzenberg 2010 1.0302 46 -0.0266 1.0568 33 
211 B3 !Kheis 2012 1.0404 54 -0.0165 1.0568 34 
215 B3 Tsantsabane 2012 1.0346 52 -0.0224 1.0570 35 
204 B3 Thembelihle 2014 1.0256 38 -0.0320 1.0576 36 
203 B3 Thembelihle 2012 1.0256 37 -0.0336 1.0592 37 
216 B3 Tsantsabane 2014 1.0346 51 -0.0267 1.0613 38 
306 B3 Beaufort West 2011 1.0171 33 -0.0471 1.0641 39 
258 B3 Witzenberg 2011 1.0002 21 -0.0639 1.0642 40 
209 B3 !Kheis 2010 1.0508 63 -0.0144 1.0652 41 
91 B3 Ngwathe 2012 1.0379 53 -0.0275 1.0654 42 
202 B3 Thembelihle 2011 1.0440 58 -0.0235 1.0675 43 
192 B3 Khâi-Ma 2014 1.0000 1 -0.0675 1.0675 44 
210 B3 !Kheis 2011 1.0493 62 -0.0183 1.0676 45 
297 B3 Bitou 2010 1.0000 1 -0.0682 1.0682 46 
213 B3 Tsantsabane 2010 1.0000 1 -0.0685 1.0685 47 
260 B3 Witzenberg 2014 1.0255 36 -0.0434 1.0689 48 
23 C2 uThukela 
District 
Municipality 
2012 1.0305 47 -0.0385 1.0690 49 
287 B3 Swellendam 2012 1.0298 45 -0.0398 1.0697 50 
299 B3 Bitou 2012 1.0000 1 -0.0727 1.0727 51 
247 B3 Bergrivier 2012 1.0468 61 -0.0261 1.0730 52 
191 B3 Khâi-Ma 2012 1.0538 67 -0.0215 1.0752 53 
307 B3 Beaufort West 2012 1.0000 1 -0.0763 1.0763 54 
298 B3 Bitou 2011 1.0313 49 -0.0477 1.0790 55 
183 B3 Hantam 2012 1.0530 65 -0.0282 1.0812 56 
21 C2 uThukela 
District 
Municipality 
2010 1.0411 55 -0.0403 1.0815 57 
283 B3 Cape Agulhas 2012 1.0536 66 -0.0283 1.0819 58 
255 B3 Swartland 2012 1.0453 60 -0.0389 1.0842 59 
24 C2 uThukela 
District 
Municipality 
2014 1.0528 64 -0.0345 1.0873 60 
259 B3 Witzenberg 2012 1.0000 1 -0.0922 1.0922 61 
92 B3 Ngwathe 2014 1.0619 68 -0.0317 1.0936 62 
77 B3 Setsoto 2010 1.0809 73 -0.0144 1.0952 63 
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193 B3 Umsobomvu 2010 1.0772 72 -0.0207 1.0978 64 
107 B3 Lesedi 2012 1.0442 59 -0.0593 1.1035 65 
18 C2 Ugu District 
Municipality 
2011 1.0000 1 -0.1093 1.1093 66 
72 B3 Tswelopele 2014 1.0940 82 -0.0189 1.1129 67 
70 B3 Tswelopele 2011 1.1004 85 -0.0136 1.1140 68 
90 B3 Ngwathe 2011 1.0849 75 -0.0292 1.1141 69 
19 C2 Ugu District 
Municipality 
2012 1.0000 1 -0.1162 1.1162 70 
69 B3 Tswelopele 2010 1.1038 86 -0.0124 1.1163 71 
254 B3 Swartland 2011 1.0842 74 -0.0322 1.1164 72 
308 B3 Beaufort West 2014 1.0632 69 -0.0541 1.1172 73 
143 B3 Lephalale 2012 1.0855 76 -0.0332 1.1187 74 
184 B3 Hantam 2014 1.0875 78 -0.0337 1.1211 75 
20 C2 Ugu District 
Municipality 
2014 1.0295 44 -0.0927 1.1222 76 
198 B3 Emthanjeni 2011 1.1080 90 -0.0153 1.1233 77 
89 B3 Ngwathe 2010 1.0944 83 -0.0295 1.1239 78 
22 C2 uThukela 
District 
Municipality 
2011 1.0860 77 -0.0388 1.1248 79 
244 B3 Cederberg 2014 1.1130 94 -0.0122 1.1251 80 
165 B4 Dr JS Moroka 2010 1.0000 1 -0.1254 1.1254 81 
105 B3 Lesedi 2010 1.1040 87 -0.0215 1.1256 82 
199 B3 Emthanjeni 2012 1.1095 92 -0.0167 1.1262 83 
300 B3 Bitou 2014 1.0972 84 -0.0304 1.1276 84 
237 B3 Matzikama 2010 1.1170 97 -0.0132 1.1302 85 
106 B3 Lesedi 2011 1.0926 81 -0.0391 1.1317 86 
41 B3 Sundays River 
Valley 
2010 1.1173 98 -0.0157 1.1330 87 
246 B3 Bergrivier 2011 1.1064 89 -0.0276 1.1340 88 
194 B3 Umsobomvu 2011 1.1133 95 -0.0212 1.1344 89 
239 B3 Matzikama 2012 1.1155 96 -0.0192 1.1347 90 
286 B3 Swellendam 2011 1.0905 79 -0.0448 1.1353 91 
108 B3 Lesedi 2014 1.0907 80 -0.0448 1.1355 92 
95 B3 Mafube 2012 1.1188 100 -0.0183 1.1371 93 
11 C2 Amathole 
District 
Municipality 
2012 1.0682 70 -0.0705 1.1387 94 
 55 
 
195 B3 Umsobomvu 2012 1.1193 101 -0.0197 1.1390 95 
142 B3 Lephalale 2011 1.1089 91 -0.0305 1.1394 96 
275 B3 Theewaterskloof 2012 1.1125 93 -0.0272 1.1397 97 
197 B3 Emthanjeni 2010 1.1209 102 -0.0215 1.1424 98 
305 B3 Beaufort West 2010 1.1047 88 -0.0381 1.1428 99 
12 C2 Amathole 
District 
Municipality 
2014 1.0682 70 -0.0755 1.1437 100 
17 C2 Ugu District 
Municipality 
2010 1.0000 1 -0.1476 1.1476 101 
168 B4 Dr JS Moroka 2014 1.1187 99 -0.0305 1.1493 102 
31 B3 Blue Crane 
Route 
2012 1.1280 104 -0.0224 1.1503 103 
238 B3 Matzikama 2011 1.1408 112 -0.0115 1.1523 104 
42 B3 Sundays River 
Valley 
2011 1.1352 107 -0.0181 1.1532 105 
141 B3 Lephalale 2010 1.1339 106 -0.0194 1.1533 106 
240 B3 Matzikama 2014 1.1408 112 -0.0126 1.1533 107 
200 B3 Emthanjeni 2014 1.1303 105 -0.0295 1.1598 108 
30 B3 Blue Crane 
Route 
2011 1.1391 110 -0.0231 1.1621 109 
253 B3 Swartland 2010 1.1408 111 -0.0220 1.1628 110 
32 B3 Blue Crane 
Route 
2014 1.1412 114 -0.0218 1.1630 111 
167 B4 Dr JS Moroka 2012 1.1217 103 -0.0415 1.1632 112 
196 B3 Umsobomvu 2014 1.1382 108 -0.0260 1.1641 113 
43 B3 Sundays River 
Valley 
2012 1.1443 115 -0.0202 1.1645 114 
273 B3 Theewaterskloof 2010 1.1494 117 -0.0174 1.1668 115 
45 B3 Kouga 2010 1.1465 116 -0.0210 1.1675 116 
93 B3 Mafube 2010 1.1541 119 -0.0185 1.1726 117 
241 B3 Cederberg 2010 1.1547 120 -0.0180 1.1727 118 
37 B3 Ndlambe 2010 1.1606 126 -0.0182 1.1787 119 
245 B3 Bergrivier 2010 1.1610 128 -0.0179 1.1789 120 
29 B3 Blue Crane 
Route 
2010 1.1598 125 -0.0192 1.1790 121 
46 B3 Kouga 2011 1.1574 123 -0.0238 1.1812 122 
38 B3 Ndlambe 2011 1.1660 135 -0.0194 1.1854 123 
274 B3 Theewaterskloof 2011 1.1607 127 -0.0248 1.1855 124 
 56 
 
47 B3 Kouga 2012 1.1699 136 -0.0171 1.1870 125 
243 B3 Cederberg 2012 1.1499 118 -0.0376 1.1874 126 
44 B3 Sundays River 
Valley 
2014 1.1626 130 -0.0277 1.1903 127 
25 C2 iLembe District 
Municipality 
2010 1.1621 129 -0.0290 1.1911 128 
256 B3 Swartland 2014 1.1651 132 -0.0268 1.1919 129 
181 B3 Hantam 2010 1.1563 122 -0.0363 1.1926 130 
49 B3 Kou-Kamma 2010 1.1751 140 -0.0198 1.1948 131 
39 B3 Ndlambe 2012 1.1798 144 -0.0157 1.1954 132 
13 C2 Joe Gqabi 
District 
Municipality 
2010 1.1722 139 -0.0247 1.1969 133 
282 B3 Cape Agulhas 2011 1.1633 131 -0.0362 1.1995 134 
248 B3 Bergrivier 2014 1.1809 146 -0.0188 1.1997 135 
96 B3 Mafube 2014 1.1810 147 -0.0205 1.2015 136 
61 B3 Letsemeng 2010 1.1772 142 -0.0257 1.2029 137 
48 B3 Kouga 2014 1.1866 149 -0.0165 1.2031 138 
276 B3 Theewaterskloof 2014 1.1851 148 -0.0182 1.2033 139 
288 B3 Swellendam 2014 1.1656 134 -0.0378 1.2034 140 
15 C2 Joe Gqabi 
District 
Municipality 
2012 1.1388 109 -0.0691 1.2079 141 
16 C2 Joe Gqabi 
District 
Municipality 
2014 1.1704 138 -0.0380 1.2083 142 
242 B3 Cederberg 2011 1.1913 151 -0.0182 1.2095 143 
284 B3 Cape Agulhas 2014 1.1793 143 -0.0312 1.2105 144 
182 B3 Hantam 2011 1.1580 124 -0.0532 1.2112 145 
281 B3 Cape Agulhas 2010 1.1656 133 -0.0478 1.2133 146 
62 B3 Letsemeng 2011 1.1903 150 -0.0269 1.2172 147 
14 C2 Joe Gqabi 
District 
Municipality 
2011 1.1555 121 -0.0631 1.2185 148 
166 B4 Dr JS Moroka 2011 1.1808 145 -0.0381 1.2189 149 
26 C2 iLembe District 
Municipality 
2011 1.1759 141 -0.0443 1.2202 150 
51 B3 Kou-Kamma 2012 1.1946 153 -0.0269 1.2215 151 
285 B3 Swellendam 2010 1.1699 137 -0.0518 1.2217 152 
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40 B3 Ndlambe 2014 1.2002 157 -0.0241 1.2243 153 
179 B3 Nama Khoi 2012 1.1991 156 -0.0268 1.2259 154 
52 B3 Kou-Kamma 2014 1.1973 154 -0.0286 1.2259 155 
63 B3 Letsemeng 2012 1.2052 158 -0.0234 1.2286 156 
27 C2 iLembe District 
Municipality 
2012 1.1928 152 -0.0511 1.2440 157 
28 C2 iLembe District 
Municipality 
2014 1.1985 155 -0.0479 1.2464 158 
177 B3 Nama Khoi 2010 1.2238 159 -0.0255 1.2494 159 
64 B3 Letsemeng 2014 1.2256 160 -0.0296 1.2552 160 
178 B3 Nama Khoi 2011 1.2285 161 -0.0306 1.2592 161 
180 B3 Nama Khoi 2014 1.2475 162 -0.0411 1.2885 162 
66 B3 Kopanong 2011 1.2878 164 -0.0201 1.3079 163 
65 B3 Kopanong 2010 1.2841 163 -0.0264 1.3105 164 
68 B3 Kopanong 2014 1.2904 165 -0.0359 1.3263 165 
10 C2 Amathole 
District 
Municipality 
2011 1.3048 166 -0.0354 1.3402 166 
9 C2 Amathole 
District 
Municipality 
2010 1.3066 167 -0.0372 1.3438 167 
67 B3 Kopanong 2012 1.3398 168 -0.0445 1.3843 168 
  Average  1.0996   1.1320  
 
